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Abstract

Detecting concealed chemicals and explosives remains a critical challenge in global security. Terahertz time-domain
spectroscopy (THz-TDS) offers a promising non-invasive and stand-off detection technique owing to its ability to
penetrate optically opaque materials without causing ionization damage. While many chemicals exhibit distinct
spectral features in the terahertz range, conventional terahertz-based detection methods often struggle in real-world
environments, where variations in sample geometry, thickness, and packaging can lead to inconsistent spectral
responses. In this study, we present a chemical imaging system that integrates THz-TDS with deep learning to enable
accurate pixel-level identification and classification of different explosives. Operating in reflection mode and enhanced
with plasmonic nanoantenna arrays, our THz-TDS system achieves a peak dynamic range of 96 dB and a detection
bandwidth of 4.5 THz, supporting practical, stand-off operation. By analyzing individual time-domain pulses with deep
neural networks, the system exhibits strong resilience to environmental variations and sample inconsistencies. Blind
testing across eight chemicals—including pharmaceutical excipients and explosive compounds—resulted in an
average classification accuracy of 99.42% at the pixel level. Notably, the system maintained an average accuracy of
88.83% when detecting explosives concealed under opaque paper coverings, demonstrating its robust generalization
capability. These results highlight the potential of combining advanced terahertz spectroscopy with neural networks
for highly sensitive and specific chemical and explosive detection in diverse and operationally relevant scenarios.
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including biomedical diagnosis'~, security screening*~'*,

pharmaceutical quality control'>™%, as well as agriculture

Introduction
The terahertz region of the electromagnetic spectrum,

spanning frequencies from ~0.1 to 10 THz, bridges the
gap between microwave and far-infrared radiation. This
spectral range is particularly attractive due to its unique
interactions with a variety of materials. The photon
energy of terahertz waves corresponds to the excitation
energies of numerous molecular rotational and vibrational
transitions, while remaining low enough to avoid ioniza-
tion damage to samples. As a result, terahertz spectro-
scopy has emerged as a powerful tool across diverse fields,
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and food inspection'”~**, The ability of terahertz radiation
to penetrate many optically opaque materials—such as
paper, clothing, and plastics—makes it especially valuable
for the stand-off detection of concealed chemicals. This
non-invasive imaging capability enables the identification
of hidden threats, such as explosives, without direct
contact, thereby improving safety and operational
efficiency.

Several technologies are currently employed for explosive
detection, including X-ray imaging”**, millimeter-wave
imaging®®, mass spectrometry’®, ion mobility spectro-
metry””**, and hybrid approaches that integrate multiple
modalities. While these systems are critical for enhancing
security and mitigating threats, each has specific limita-
tions. For example, X-ray scanners and millimeter-wave
imagers can indicate the presence of suspicious objects but
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often lack chemical specificity to confirm the presence of
explosives™. Conversely, chemical detection techniques
such as mass spectrometry, ion mobility spectrometry, and
trained canine units require close proximity to the target,
which is often impractical in dynamic or crowded envir-
onments. Furthermore, these approaches struggle to detect
low-volatility explosives or those embedded in complex
matrices, complicating reliable identification.

In light of these limitations, terahertz spectroscopy
presents a promising alternative for accurate, stand-off
detection of explosives. Of particular interest is terahertz
time-domain spectroscopy (THz-TDS), which captures
the time-resolved electric field of terahertz radiation,
allowing for comprehensive material characterization
over a broad spectral range. Numerous studies have
shown that many explosives exhibit unique spectral fin-
gerprints in the terahertz domain®'***~**, permitting
their identification through distinct absorption features.
Statistical techniques such as principal component ana-
lysis (PCA) have been employed to analyze terahertz
absorbance spectra for the detection of explosives across
varying concentrations®>**, and spectral images have
been generated by mapping intensity at selected fre-
quencies®°, In addition, neural networks have been
used to enhance target identification accuracy based on
terahertz absorption features®””*®, Despite these
advancements, spectral methods relying on the terahertz
power spectrum miss the spectral phase information.
Thus, they remain susceptible to artifacts from multiple
reflections, scattering, and environmental interferences.
These effects can distort spectral signatures, even for
identical materials. Puc et al.” studied these challenges by
covering explosive chemicals with paper and textiles and
found that secondary reflections significantly altered the
observed absorption peaks. To address this, time-domain
analysis of the terahertz signal has been proposed as a
way to mitigate such environmental artifacts. This
approach enables the extraction of robust time-domain
features for resolving explosive signatures, as demon-
strated in recent studies’’ *'. When combined with
machine learning, time-domain methods that analyze
features such as the relative timing and ratio of reflected
pulses can yield accurate classification results; however,
their success is primarily limited to ideal samples with
simple or controlled geometries*>*’, Existing time-
domain techniques have not yet achieved pixel-level
chemical imaging and classification, which is an impor-
tant capability to reveal the shape and position of the
chemicals in the field of view. Therefore, while sub-
stantial progress has been made so far, a robust terahertz
imaging system capable of accurate, stand-off explosive
detection—independent of sample geometry, size,
packaging, or environmental variability—remains a cri-
tical unmet need.
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To address these challenges and detect concealed
explosives, we developed a chemical imaging system
that integrates THz-TDS with advanced deep learning
techniques. This system enables accurate pixel-level
identification of hidden explosives and operates in
reflection mode, making it particularly well-suited for
stand-off detection in real-world scenarios. A key
enabler in the developed THz-TDS system is the use of
plasmonic nanoantenna arrays for terahertz generation
and detection®"* which significantly enhance the
signal-to-noise ratio compared to the state-of-the-art
THz-TDS systems while providing a broad bandwidth
(see Supplementary Fig. S1 and Supplementary Table
S1). Operating in reflection mode, the THz-TDS system
achieves a peak dynamic range of 96 dB and a detection
bandwidth of 4.5THz in 3s. The terahertz beam is
focused onto samples placed on a scanning stage, which
is controlled by an XY motorized translation platform
used for raster scanning. During the sample interroga-
tion, the system collects multiple reflected pulses from
different internal surfaces, analyzing each pulse indivi-
dually, regardless of their time sequence. This pulse-
resolved approach enables chemical identification at the
pixel level that is robust to variations in sample geo-
metry, size, and packaging. Compared to conventional
methods that rely solely on power spectra, our approach
analyzes terahertz time-domain pulses, capturing both
amplitude and phase information. This comprehensive
analysis enables more accurate identification of chemi-
cals, including hidden explosives. The acquired tem-
poral waveforms for each pixel of a sample field-of-view
(FOV) are processed using deep learning models,
including convolutional neural networks (CNNs) and
transformer architectures, to automatically classify the
chemical content of each pixel.

We experimentally demonstrated that our system was
capable of detecting eight chemical species, including four
pharmaceutical compounds—microcrystalline cellulose
(MCC), dibasic calcium phosphate (DCP), mannitol
(MAN), and ibuprofen (IBU)—and four explosives—
potassium nitrate (KNOs), pentaerythritol tetranitrate
(PETN), cyclotrimethylene trinitramine (RDX), and tri-
nitrotoluene (TNT). In blind testing experiments, the
system achieved an average classification accuracy of
99.42% at the pixel level. To further assess the general-
ization capability of our system, we tested the detection of
explosives concealed under paper coverings, yielding an
average accuracy of 88.83%. By leveraging deep learning
and advanced terahertz spectroscopic imaging, this sys-
tem offers a highly sensitive and specific platform for
rapid, stand-off chemical imaging and target detection. It
holds strong potential for applications across pharma-
ceutical manufacturing, security screening, and industrial
quality assurance.
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Results beams. Terahertz radiation generated at the source is

A schematic diagram and the operational principles of  collimated using an off-axis parabolic mirror and then
the terahertz time-domain spectroscopic imaging system  focused onto the sample using a second off-axis parabolic
are illustrated in Fig. la. The system is driven by a  mirror, producing a beam spot with a 2-mm focal size.
Ti:sapphire laser that generates 135 fs pulses at a central The sample is positioned on a metallic platform con-
wavelength of 800 nm with a repetition rate of 76 MHz.  trolled by an XY motorized stage for spatial scanning. The
The laser beam is split into two paths to independently  reflected terahertz signal is directed to the detector via a
pump and probe the photoconductive terahertz source terahertz beam splitter and subsequently focused onto the
and detector, both based on plasmonic nanoantenna detector using another off-axis parabolic mirror. The
arrays. Under an applied bias voltage, photo-generated time-domain terahertz electric field at each spatial point
carriers in the active area of the terahertz source drift of the sample FOV is recorded by measuring the photo-
toward the nanoantenna electrodes, producing sub- current from the terahertz detector as a function of the
picosecond terahertz pulses®®. At the detector, photo- time delay introduced by the optical delay line. Applying a
generated carriers drift in response to the incident ter-  Fourier transform to the time-domain signal yields a
ahertz field, generating a photocurrent proportional to the =~ broadband power spectrum extending up to 4.5 THz, with
field strength®®. The plasmonic nanoantenna arrays a peak dynamic range of 96 dB. This high peak dynamic
enhance optical absorption near the electrodes through range enables the robust detection of weak terahertz
surface plasmon excitation, preserving high quantum reflections from irregular and concealed samples in
efficiency and ultrafast response. This leads to efficient reflection mode. The performance of the system in
terahertz generation and highly sensitive detection. A  transmission mode is also evaluated (see Supplementary
mechanical optical delay line in one of the paths intro-  Fig. S1). Each spectrum is acquired within an integration
duces a tunable time delay between the pump and probe time of 3 s using pump and probe powers of 600 mW and
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Fig. 1 Overview of the terahertz chemical imaging framework. a Schematic diagram of the terahertz time-domain spectroscopy-based chemical
imaging system. The sample is mounted on a metallic stage controlled by a motorized translation stage for raster scanning. b Processing pipeline for
chemical classification using terahertz spectral imaging. The workflow incorporates two neural networks: EdgeNet, which identifies sample
boundaries/edges, and ClassNet, which performs chemical classification per pixel, generating a class map that preserves the spatial resolution of the
edge map. Spatial post-processing in the form of pixel-level majority voting is also applied to enhance the classification accuracy of each
chemical image
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150 mW, respectively. The full time-domain response of
the sample is obtained by raster scanning the sample FOV
and acquiring 10,100 time-domain points at each spatial
location.

Using this terahertz spectroscopic imaging system, we
analyzed a range of pharmaceutical and explosive mate-
rials. The four pharmaceutical compounds—MCC, DCP,
MAN, and IBU—were compressed into cylindrical tablets
using a hydraulic pellet press. Each tablet had a diameter
of 10 mm, with thicknesses ranging from 2 to 4 mm. The
four explosives examined—KNOs, PETN, RDX, and TNT
—were not suitable for high-pressure tablet formation due
to explosion risk. Instead, they were mounted in an alu-
minum holder featuring a cylindrical cavity with a 10 mm
diameter. The explosive samples placed in the holder had
thicknesses between 2 and 4 mm. All samples were raster
scanned over a 12 x 12 mm? area with a spatial step size of
1mm. A 12 x 12 mm?® area was scanned in ~447s. This
duration includes a 3-s acquisition time per pixel plus the
time needed for stage movements between successive
points.

Following data acquisition, the terahertz signals were
processed using two dedicated neural networks—which
we termed EdgeNet and ClassNet—for chemical identifi-
cation and classification. Figure 1b illustrates the full data
processing pipeline, encompassing the terahertz imaging,
neural network inference, and spatial post-processing.
First, the system acquires time-domain waveforms cor-
responding to each chemical sample. These pulses are
then extracted and used as inputs to the two neural net-
works for edge detection and chemical classification.

EdgeNet functions as a binary classifier, distinguishing
boundary pixels from non-boundary pixels to identify the
presence or absence of edges within the sample FOV. At
each pixel location, EdgeNet processes all the extracted
terahertz pulses together to make its decisions. In parallel,
ClassNet operates on an individual pulse basis, processing
each pulse separately to generate probabilistic predictions
for the chemical class, including the identification of the
background sample holder (metal) if there is no sample
for that pixel. For each pixel, these predictions are
aggregated using a winner-takes-all strategy, where each
pixel is assigned to the class with the highest predicted
probability. Finally, the outputs of EdgeNet and ClassNet
are integrated through a decision algorithm to determine
the final classification of each pixel across the entire
sample FOV. To further enhance our image-based clas-
sification accuracy, spatial majority voting and morpho-
logical operations are applied as post-processing steps
(refer to Methods for details). These techniques incor-
porate local spatial context, helping to suppress inference
artifacts and generate cleaner, more accurate chemical
images that preserve the true spatial distribution of the
material under test.
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The distinct input structures for EdgeNet and ClassNet
are custom tailored to their specific objectives. EdgeNet
leverages the collective information from all the extracted
terahertz pulses to make its decisions. This allows the
network to identify complex temporal signatures, such as
multiple reflections and scattering artifacts, that are
characteristic of material boundaries. In contrast, for
chemical classification, ClassNet processes each pulse
individually, generating probabilistic predictions for the
chemical class of each pixel, including the identification of
the background sample holder. This approach was
designed to preserve the unique spectral features within
each reflection that are critical for identifying the che-
mical type of interest.

When the terahertz beam is focused onto a sample, as
illustrated in Fig. 2a, multiple reflected pulses are cap-
tured in a single time-domain scan. Typically, four dis-
tinct pulses are observed in this reflection-mode setup,
denoted as P;, P,, P3, and Py P; corresponds to the
reflection from the sample’s top surface and contains
surface reflectance information; P, is the reflection from
the metal substrate and does not carry chemical infor-
mation; Pj arises from the sample’s bottom interface and
contains key absorption features representative of the
material; P, and subsequent pulses are due to internal
multiple reflections and also encode absorption char-
acteristics of the sample under test. For reference, the
pulse reflected from the metal background is nearly
identical in shape to P, (see Supplementary Fig. S2).
While our analysis focuses on these four primary reflec-
tions, a time-domain trace can contain additional pulses.
These typically arise from artifacts like edge scattering or
from extra layers like a paper cover, which we will detail in
subsequent measurements. The relative sequence and
timing of these pulses vary depending on how the sample
is positioned, and this information is assumed to be
unknown to our neural networks.

While the material’s terahertz absorption spectrum
can be obtained by calculating the Fourier transform of
Pj relative to the reference pulse P,, as illustrated in the
inset of Fig. 2a, directly applying a Fourier transform to
the entire time-domain waveform can be unreliable, as
interfering pulses may distort the spectral signatures. To
mitigate this, we adopt a pulse-based chemical classifi-
cation strategy. This approach significantly improves the
robustness of inference by enabling classification that is
insensitive to pulse order or temporal spacing—para-
meters that can fluctuate with changes in the sample
geometry, placement, and packaging. Each full time-
domain waveform per pixel is segmented into individual
pulses with a duration of 13 ps, each consisting of 650
data points, as illustrated in Fig. 2b—e. The 13-ps time
window is sufficient to capture a terahertz pulse and
provides a spectral resolution of 76.9 GHz, which is
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Fig. 2 Spatio-temporal analysis of reflected terahertz time-domain pulses. a Reflected terahertz time-domain response from a KNO; sample.
When the terahertz beam is incident near the sample edges, at least four distinct reflected pulses are observed. The first pulse (P,) corresponds to the
reflection from the sample’s top surface; the second pulse (P,) originates from the metallic background (sample holder); the third pulse (Ps) arises
from the bottom interface of the sample; and the fourth one (P,) results from an internal reflection following two round trips within the sample. The
inset shows the calculated terahertz absorption spectrum of KNOs, derived from the third and second pulses. b-e Cropped waveforms of the four
reflected pulses by pulse extraction algorithm in (a), each with a duration of 13 ps. After performing pulse extraction for every pixel across the
12mm X 12 mm raster scan area, f-i represent the color maps of the peak amplitude values for each pulse (P,-P,)
N\

adequate for our classification task. After performing
the same pulse extraction for every pixel across the
FOV, we take the peak amplitude value for each pulse
(P,—P4) at each pixel to construct the 2D maps, as
shown in Fig. 2f-i. The peak amplitudes of these pulses
exhibit strong spatial correlation and track the geometry
of the sample. This peak amplitude data is also central to
our automated processing pipeline. For pulse extraction,
a global detection threshold is applied to all waveforms
to consistently identify potential pulses while rejecting
noise. Following pulse extraction, the algorithm per-
forms two labeling tasks to generate the training data.

sample’s structure (only used for training). Second, we
determine a sample-specific amplitude threshold to
identify edges; this value is set higher than the initial
global detection threshold. Any pixel where the detected
pulses fall below this second threshold is labeled as an
“edge”, representing the weak scattering signals typical
of sample boundaries (see Methods for details). These
isolated pulses, without their relative time delay infor-
mation, are used as individual inputs to a neural net-
work trained to predict the chemical composition at
each spatial location. This strategy enhances the sys-
tem’s resilience to environmental variability and enables

First, it categorizes each pulse—distinguishing between reliable, pixel-level chemical identification across
sample and background reflections—by using pulse diverse real-world scenarios, including concealed
timing in conjunction with prior knowledge of the chemicals.
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Fig. 3 Network architectures used in the chemical detection and classification pipeline. a EdgeNet is built on a transformer backbone for edge
detection; it outputs the probabilities of 2 classes: Edge/Other. b The internal structure of the transformer encoder, featuring a multi-head self-
attention mechanism. ¢ The schematic of a multi-head attention. d ClassNet, implemented using a CNN for multi-class chemical classification.
EdgeNet leverages the global contextual modeling capabilities of transformers to accurately detect sample boundaries, while ClassNet utilizes the
local feature extraction strengths of CNNs to enable efficient and robust chemical identification within the sample FOV. B: batch size
|

Figure 3 illustrates the architectures of the two neural
networks used in our chemical imaging and classification
pipeline: EdgeNet and ClassNet. EdgeNet (Fig. 3a) is
designed for binary edge detection and is implemented
using a 4-layer transformer encoder””. It accepts an input
tensor of size 8 x 650, where each row corresponds to a
distinct terahertz pulse; if less than 8 pulses are available
per pixel, zeros are padded for the remaining pulse
entries. Self-attention-based feature extraction is applied
to extract features across the pulse set’, followed by a
mean pooling operation along the sequence dimension.

908 | Light Sci Appl | 2026 | Vol 15 | Issue 3

The resulting feature vector is passed through a fully
connected layer to generate class probabilities indicating
the presence or absence of an edge per pixel within the
sample FOV. Notably, we did not incorporate temporal
positional encoding, which is commonly used in trans-
former architectures, as the order of the input pulses may
be unknown or not repeatable in real-world scenarios
(e.g., for concealed chemicals). This design choice
improves the model’s robustness to unknown variations
in pulse ordering. The internal structure of the transfor-
mer encoder (Fig. 3b) consists of layer normalization, a
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multi-head self-attention mechanism, and a feedforward
multilayer perceptron (MLP), connected through residual
pathways to facilitate gradient flow. The multi-head
attention module (Fig. 3c) comprises eight parallel
attention heads (41 =8), each computing scaled dot-
product attention over the input sequence.

ClassNet (Fig. 3d), in contrast, is used for multi-class
chemical classification at each pixel and is based on a CNN
architecture®”. It processes individual terahertz pulses
through two 1D convolutional layers with ReLU activation
and max pooling. The resulting feature maps are flattened
and passed through two fully connected layers. A final
softmax layer produces the probability distribution over the
target chemical classes per pixel. Together, EdgeNet and
ClassNet provide complementary capabilities—enabling
accurate spatial boundary detection of the sample under
test and robust pixel-level chemical classification within our
spectroscopic imaging framework.

We trained both ClassNet and EdgeNet using pharma-
ceutical and explosive samples. To evaluate their gen-
eralization capability, the models were tested on entirely
new, previously unseen samples and data. Figure 4 sum-
marizes the blind classification results for these chemical
test samples. In Fig. 4a, we present representative images
of unknown chemical samples alongside the correspond-
ing ground truth labels, model predictions before the
spatial majority voting, and refined predictions after
applying spatial majority voting for eight material classes:
DCP, MCC, 1IBU, MAN, KNO;, PETN, RDX, and TNT
(see Methods for details). While the raw predictions from
the two networks already demonstrated high classification
performance, spatial majority voting further improved the
results by mitigating spatially isolated pixel-level mis-
classifications, while also enhancing the edge detection
accuracy, correctly revealing the boundaries of chemical
objects. The overall pixel-level classification performance
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of our approach is quantitatively captured in the confusion
matrix shown in Fig. 4b, which demonstrates consistent
high accuracy across all chemical classes with minimal
cross-class confusion. Specifically, the model achieved
pixel-level classification accuracies of 99.48%, 98.26%,
100%, 100%, 100%, 100%, 99.57%, and 98.89% for DCP,
MCC, IBU, MAN, KNO,; PETN, RDX, and TNT,
respectively. The average accuracy, including the back-
ground region (i.e., the sample holder, without a chemical),
reached 99.42%. In addition, Fig. 4c demonstrates our
model’s strong performance on spatially irregular and
cracked test samples, even though it was trained exclu-
sively on intact, regular samples. This successful general-
ization is rooted in our pulse-based approach. The full
time-domain waveforms for intact versus cracked samples
differ in pulse timing and relative amplitudes (see Sup-
plementary Fig. S3). However, the characteristic shape of
the crucial P; pulse remains consistent between them.
Because our network analyzes individual pulse shapes, it
correctly identifies the material despite these structural
irregularities. Furthermore, our model demonstrates its

910 | Light Sci Appl | 2026 | Vol 15 | Issue 3

generalization capability by accurately predicting four
different types of cracked pharmaceutical samples in the
same FOV (see Supplementary Fig. S5). These results
underscore the robustness of our classification pipeline,
highlighting its ability to handle challenging and previously
unseen sample conditions.

We further evaluated the performance of our classifi-
cation pipeline on concealed chemical samples, where the
substances were hidden beneath a visibly opaque paper
cover and not detectable under standard illumination or
visible or IR-based machine vision, as illustrated in Fig. 5.
Importantly, the network models were trained exclusively
on uncovered samples; thus, this evaluation tests their
external generalization capability in realistic scenarios
where chemical substances may be obscured within
envelopes, packages/bags, or other visually inaccessible
environments. Figure 5a shows a schematic of the
experimental setup, in which each sample is covered/
obscured by paper. Representative ground truth labels and
our model predictions (after spatial majority voting) for
four hidden explosives—KNO;, PETN, RDX, and TNT—
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are shown in Fig. 5b. Despite the paper-based conceal-
ment, our models accurately recover the spatial distribu-
tions of these chemicals and specifically identify the type
of chemicals.

The confusion matrix in Fig. 5¢ summarizes the clas-
sification results, with the model achieving accuracies of
76.20% (KNO,), 94.42% (PETN), 98.64% (RDX), and
87.90% (TNT). The average accuracy, including the
background class, is 88.83%. Additionally, Fig. 5d show-
cases the model’s performance in a more complex sce-
nario: identifying multiple types of chemicals concealed
under a paper cover within the same FOV. While the
cover introduces an additional reflection pulse (see Sup-
plementary Fig. S4), the key pulses of interest retain their
characteristic shapes after our extraction process. Con-
sequently, the model successfully differentiates between
all hidden chemical regions, highlighting its robustness
and generalization under challenging and practically
relevant imaging conditions.

Discussion

We developed a terahertz time-domain spectroscopic
imaging system integrated with deep learning models to
enable robust chemical classification of pharmaceutical
and explosive materials. A step size of 1 mm was used for
raster scanning, which represents a trade-off between the
acquisition speed and the classification performance. A
finer step size provides spatial redundancy that improves
prediction accuracy through majority voting, whereas a
larger step size reduces the scanning time at the cost of
degraded performance (see Supplementary Fig. S6). We
employed a pulse-based analysis method instead of using
the full time-dependent spectrum to improve computa-
tional efficiency, model robustness, and signal fidelity. The
full spectrum is computationally prohibitive due to its
length and temporal sparsity, and the long-range depen-
dencies between reflected pulses are poorly suited for
standard 1D CNNs. Our pulse-based analysis strategy
effectively decouples chemical identification from con-
founding physical variables like sample geometry,
dimensions, and packaging. We achieve this by individu-
ally segmenting and analyzing each reflected terahertz
pulse from the sample. The foundation of this approach is
that a material’s characteristic pulse shape—which carries
the essential chemical information—remains remarkably
consistent, even if other factors like sample thickness or
packaging change. This enables our network to accurately
identify materials under previously unseen conditions.
The collected individual pulses are used as independent
inputs to train neural networks, which were employed for
automated chemical classification and edge detection of
unknown samples. Spatial majority voting and morpho-
logical operations were applied as post-processing steps to
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further enhance the classification performance of our
chemical imaging system.

Our pipeline achieved high classification accuracy on
various chemical samples, reaching an average accuracy of
99.42% across eight chemical classes and the background
category. The trained models also demonstrated strong
generalization capabilities to previously unseen condi-
tions, such as cracked and spatially irregular samples,
despite being trained exclusively on intact ones. Further-
more, we validated the system’s external generalization
performance by testing it on concealed explosive chemi-
cals hidden beneath opaque paper covers without know-
ing whether the pulse comes from the sample or the paper
cover in the same scanned trace, achieving accurate
classification even under these more challenging scenar-
ios. Specifically, we trained the neural networks exclu-
sively on visible samples while reserving concealed cases
solely for blind testing. This strategy was adopted to more
faithfully represent real-world scenarios, where conceal-
ment conditions are variable and often differ from any
training set. By structuring the dataset in this way, we
were able to rigorously evaluate the external general-
ization of our models under stringent and realistic
conditions.

One limitation of the current study is that the models
were trained solely on unconcealed (visible) samples,
while the chemical classification of the concealed samples
relied entirely on the model’s ability to generalize to new
types of samples. Although our overall accuracy remained
high for such concealed explosives, the performance for
KNO; was notably lower than for other explosives, sug-
gesting that certain chemicals may be more sensitive to
concealment-related subtle signal variations. Future stu-
dies could explore the trade-off between overall general-
ization capability and the potential gains in robustness
achieved by augmenting the training set with concealed or
partially obscured samples, which may improve model
performance under more diverse and realistic conditions.
While our method successfully identifies multiple spa-
tially distinct chemicals in the same FOV, another
potential future direction is the quantitative analysis of
the concentrations of co-localized mixtures within a sin-
gle pixel. Future development could focus on a cascaded
framework to first detect the presence of a mixture and
then estimate constituent concentrations of each chemical
that is identified. Additionally, optimizing network
architectures or incorporating self-supervised pretraining
strategies may reduce the dependence on large labeled
datasets. Expanding the diversity of the training dataset—
by adding more chemical types, irregular sample geome-
tries, or varied concealment/packaging materials—would
further strengthen the classification accuracy of the pro-
posed system.
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Our pulse-based terahertz imaging method provides a
powerful tool for obtaining critical chemical intelligence
in a non-contact manner. While data acquisition for a
12 x 12 mm?® area takes approximately ~7.5 min (~447 s),
the subsequent post-processing and pixel-level classifica-
tion by the neural network are completed in just one
second. This capability for non-destructive imaging fol-
lowed by near-instantaneous digital analysis is ideal for
applications in e.g., pharmaceutical quality control and
security screening. The system enables the non-
destructive analysis of individual tablets and capsules,
potentially allowing for the verification of active ingre-
dients and the detection of counterfeit drugs. In the
security and forensic domain, it could be used for iden-
tifying trace explosives or illicit substances collected on
swabs and for inspecting suspicious powders or stains in
mail. This provides a powerful tool for obtaining critical
chemical intelligence in a non-contact manner.

While the proof-of-concept experiments presented here
rely on mechanical raster scanning to capture 2D che-
mical images, this requirement can be eliminated by
replacing the single-pixel terahertz detector with a ter-
ahertz focal-plane array based on plasmonic nanoantenna
arrays”>”’. This advancement could enable significantly
faster imaging and reduce the system’s complexity, size,
and weight, while preserving the high signal-to-noise ratio
and broad bandwidth necessary for accurate spectro-
scopic analysis and chemical imaging.

Overall, this study demonstrates a powerful framework
for terahertz-based chemical imaging, offering a promis-
ing pathway toward robust, high-accuracy classification of
chemicals in both controlled and operational environ-
ments where concealment, packaging, and sample varia-
bility pose major challenges. This framework holds strong
potential for various applications in e.g., security screen-
ing, pharmaceutical quality control, and non-destructive
testing, where rapid and reliable material identification is
critical.

Materials and methods
Terahertz time-domain spectroscopy system

A mode-locked Ti: sapphire laser (Coherent Mira 900)
was used to generate an optical pulse train with a
repetition rate of 76 MHz, a central wavelength of
800 nm, and a pulse width of 135 fs. The laser output was
split into pump and probe beams using an optical beam
splitter. The femtosecond optical pump beam illumi-
nates the photoconductive antenna, generating photo-
carriers, where the optical absorption is further
enhanced by the custom-designed plasmonic structure.
An external bias voltage is applied to accelerate these
carriers, producing an ultrafast photocurrent that radi-
ates broadband terahertz pulses. The bias voltage is
modulated at 100 kHz to enable lock-in detection. The
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probe beam was routed through an optical delay line
(Newport DL125) to a plasmonic photoconductive ter-
ahertz detector. The optical powers incident on the
emitter and detector were 600 mW and 150 mW,
respectively. Terahertz radiation emitted from the
source was collimated using a gold-coated off-axis
parabolic mirror and subsequently focused onto the
sample using a second gold-coated off-axis parabolic
mirror. The focused terahertz beam had a spot diameter
of ~2mm at the sample location. The sample was
mounted on a copper platform attached to a motorized
stage, allowing raster scanning with a step size of 1 mm.
Reflected terahertz radiation from the sample was
redirected using a 50/50 terahertz beam splitter and
focused onto the detector via an additional off-axis
parabolic mirror. Similar to terahertz generation, the
femtosecond probe beam generates photocarriers in the
active area of the photoconductive terahertz detector.
The electric field of the incident terahertz pulse acts as a
transient bias, accelerating these photocarriers to the
antenna electrodes. This acceleration induces a photo-
current that is directly proportional to the terahertz
electric field’s amplitude at the precise instant the probe
beam arrives. By varying the optical path length between
the two branches with the delay line, the time-domain
terahertz electric field was retrieved by measuring the
photocurrent generated in the terahertz detector. This
photocurrent was converted to a voltage and amplified
using a transimpedance amplifier (DLPCA-200,
FEMTO). The output voltage was then fed into a digital
lock-in amplifier (MFLI, Zurich Instruments), and the
resulting data were transferred to a computer for post-
processing and analysis.

Preparation of chemical samples

The four pharmaceutical materials used in this study
were microcrystalline cellulose (VIVAPUR 200), dibasic
calcium phosphate dihydrate (EMCOMPRESS), manni-
tol (PEARLITOL 100 SD), and ibuprofen (DC 100). Each
pharmaceutical powder was compressed into a cylind-
rical tablet using a hydraulic press. The resulting tablets
had a diameter of 10 mm and a thickness ranging from
2mm to 4mm. The four explosives examined were
potassium nitrate (Lab Alley, powder, USP/ACS/FCC
grade), pentaerythritol tetranitrate (Dyno Nobel Inc.,
R24010), cyclotrimethylene trinitramine (Dyno Nobel
Inc., ME006), and trinitrotoluene (Dyno Nobel Inc.,
MEOO1CA). These materials were placed in a custom-
fabricated aluminum mount featuring a central cylind-
rical hole with a diameter of 10 mm and a depth of
5mm. For measurements involving concealed explo-
sives, the samples were placed on a polyethylene sheet
and enclosed within a plastic square frame to enable the
placement of two samples within the FOV. The square
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frame, fabricated via 3D printing, had a width of 10 mm
and a depth of 3 mm. A paper cover with a thickness of
0.18 mm was shaped into a rectangular box with a lateral
size of 35 mm x 35 mm and a height of 10 mm to conceal
the samples during testing.

Pulse extraction and training data generation

We automatically extract individual pulses from each
time-domain waveform using a peak detection function
configured with an 8% amplitude threshold (relative to a
reference reflection from background region) and a
minimum separation of 650 data points, which corre-
sponds to 13 ps. After the pulse extraction step, we
perform a semi-automated labeling process for network
training and label creation. We first identify the
background-reflected pulse (P,) by its consistent arrival
time across the scanned area and label it as “back-
ground”. All other detected pulses (e.g., P;, Ps3, Py) are
assigned a specific chemical label based on a priori
knowledge of the sample being scanned. However, sig-
nals at the sample boundaries are dominated by scat-
tering and are significantly weaker than reflections from
the sample’s center. Since different chemicals exhibit
varying reflectance and transmission properties, the
absolute intensity of these edge-scattering artifacts
varies depending on the material. To account for this,
we determine an amplitude threshold by analyzing the
peak intensity distribution of each material. This
threshold is set higher than the initial noise-rejection
threshold but lower than the typical bulk sample
intensity. Consequently, any pixel containing pulses that
are detected but fall below this second threshold is
labeled as an “edge”. The final output is a training
dataset composed of these labeled, isolated pulses,
which are collectively used to train and validate the
neural network for pixel-level classification of chemical
types, edges, and background.

Integrated chemical classification pipeline and spatial
post-processing of chemical images

EdgeNet identifies edge pixels by analyzing spatial
boundary information across all the detected pulses (per
pixel), whereas ClassNet operates on individual pulses to
generate per-pixel chemical class probabilities. The outputs
from EdgeNet and ClassNet are integrated via a conditional
decision rule. Specifically, pixels identified by EdgeNet as
potential edges and simultaneously exhibiting a maximum
class probability (assigned by ClassNet) below a predefined
threshold (empirically set to 0.95) are classified as “Edge.”
All other pixels retain their original labels assigned by
ClassNet. This integrated inference procedure is applied
iteratively across the entire sample FOV to generate an
initial chemical classification map. To reduce potential
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misclassifications and further enhance inference robustness,
a post-processing step is performed that incorporates spa-
tial majority voting and morphological filtering. Majority
voting is applied within a 3 x 3 neighborhood of each pixel
to enforce local consistency. Morphological operations
based on eight connected pixel structures are then used to
eliminate spatially isolated errors and remove spurious
regions. This refinement step yields spatially consistent
classification results, producing chemical images that more
accurately represent the true spatial distribution and iden-
tity of the target substances across the sample FOV.

Model training setup

EdgeNet and ClassNet were trained separately using
Python (v3.8.16) and PyTorch (v1.11, Meta Al) on a
workstation equipped with a GeForce RTX 3090 GPU
(Nvidia Corp.), an Intel® Core™ i9-12900KF CPU (Intel
Corp.), and 64 GB of RAM, running Windows 11
(Microsoft Corp.). Each model was independently opti-
mized using the Adam optimizer® with a learning rate of
1 x 10>, Training was performed over 200 epochs with a
batch size of 64, requiring ~1.5 h for ClassNet and 2.5h
for EdgeNet.
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