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ABSTRACT: This study presents the development and application of a low-voltage portable atmospheric pressure discharge
plasma (LV-PAPD) system coupled with optical emission spectroscopy (OES) for rapid classification of copper alloys. The proposed

LV-PAPD source operates at atmospheric pressure and low driving voltage, enabling compact and low-voltage operation without the

need for vacuum systems or complex gas handling. Characteristic neutral and ionic emission lines from a wide range of elements

were clearly observed, confirming sufficient excitation capability
under low-voltage conditions. When applied to Cu-based alloys,
dominant Cu emission signals together with dopant-related
emissions were identified. Using the regression method, the limits of
quantification (LOQs) for Cu and Zn in these alloys were estimated
to be approximately 59 wt.% and 23 wt.%, respectively. In addition,
learning (ML)
classification performance. Support vector machine (SVM) models
achieved classification accuracies of up to 98%, while feature
importance analysis from the random forest (RF) model reveals that
both strong host-element emissions and weak dopant-related signals

machine approaches substantially improve

contribute significantly to alloy discrimination. The successful
differentiation of copper alloys confirms the LV-PAPD-OES
system's capability as a portable screening tool for rapid
classification of copper alloys.
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INTRODUCTION

Among the available analytical techniques, optical emission
spectroscopy (OES) is one of the most widely employed methods
for elemental analysis, particularly when coupled with plasma
excitation sources.! In plasma-based OES, atoms and ions
introduced into the high-temperature plasma are efficiently excited
through electron collisions, resulting in the emission of
element-specific spectral lines associated with electronic
transitions. The use of plasma as the excitation medium provides
high excitation efficiency, stable emission signals, and improved
sensitivity across a wide range of elements. Consequently,
plasma-based OES enables rapid, simultaneous multi-element
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analysis with a broad dynamic range, limited chemical
interferences, and relatively straightforward spectral interpretation.
These advantages have established plasma-based OES as a
standard technique for elemental analysis in both research
laboratories and industrial applications.>? Inductively coupled
plasma optical emission spectroscopy (ICP-OES) #° and
inductively coupled plasma mass spectrometry (ICP-MS) © are
advanced analytical techniques known for their exceptional
sensitivity, high accuracy, and low detection limits. These methods
can simultaneously detect trace and major elements and are widely
used for high-precision compositional analysis. However, ICP-
based systems require complex instrumentation, including high-
power radio frequency generators operating at high frequencies,
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sophisticated cooling systems, and a continuous supply of noble
gases, typically argon, to sustain the plasma. These requirements
lead to high capital and operational costs. The physical, power, and
infrastructure requirements of ICP-based systems greatly limit
their portability. Consequently, ICP-OES and ICP-MS are
primarily used in the laboratory and are not well-suited for on-site
elemental analysis. This limitation is especially evident in cases
involving large, immovable, or solid samples, such as metal
components and alloys. These limitations have motivated
extensive research into alternative plasma sources that operate at
atmospheric pressure, consume less power, and can be adapted for
compact and portable analytical systems.

In response to these challenges, atmospheric pressure plasma
sources’ have emerged as promising candidates for elemental
analysis, combining adequate excitation efficiency with simplified
instrumentation, reduced operational costs, and ease of integration
into on-site and in situ diagnostic platforms. Among them,
portable atmospheric pressure discharge plasma (PAPD) systems
have attracted significant interest due to their ability to operate
without vacuum systems, simple experimental configurations, and
their compatibility with optical diagnostics. Operating at
atmospheric pressure, PAPD sources eliminate the need for
complex equipment and offer greater flexibility for deployment
outside laboratory environments. A wide variety of PAPD
configurations have been developed, including solution cathode
glow discharge (SCGD),*° magnetic field-assisted solution
cathode glow discharge (MF-SCGD),!° alternating current
electrolyte atmospheric liquid discharge (AC-EALD),!! liquid
sampling atmospheric pressure glow discharge (LS-APGD) 113
liquid film dielectric barrier discharge (LF-DBD),* flowing liquid
cathode atmospheric pressure glow discharge (FLC-APGD),'>!¢
flowing liquid anode atmospheric pressure glow discharge (FLA-
APGD),"" liquid drop anode atmospheric pressure glow discharge
(LDA-APGD) '8 and solution anode glow discharge (SAGD) %%
purge-and-trap point discharge,?! capillary point discharge,?
microplasma discharge?® These techniques demonstrated the
feasibility of stable plasma generation at atmospheric pressure and
showed promising analytical capabilities for elemental excitation
and emission spectroscopy.

Despite their advantages, most PAPD-based elemental analysis
methods remain inherently constrained by their reliance on liquid
or gas phase samples. In practice, this requirement introduces
several significant drawbacks. Solid materials must be dissolved
prior to analysis, which increases overall analysis time and
complicates sample preparation. These processes may also
introduce systematic errors due to incomplete dissolution, matrix
effects, or contamination. Although DC/AC arc and spark
radiation sources?*2° have been introduced for the analysis of solid
materials, a noble gas like Ar is required for high-power operation
(~ 6 kW). Similar to the PAPD configuration, these radiation
sources also require high operating voltages to initiate and sustain

https://www.at-spectrosc.com/as/article/pdf/20260024

404

plasmas. Elevated operating voltages not only increase power
consumption but also raise safety concerns, which limit the
feasibility of portable and handheld implementations. These
limitations significantly hinder the application of current PAPD-
based techniques for direct, on-site elemental analysis of solid
alloys.

For solid analysis, handheld X-ray fluorescence (XRF) 272 and
handheld laser-induced breakdown spectroscopy (LIBS)?-3°
systems are widely used for the rapid screening of transition and
heavy metals due to their minimal sample preparation
requirements and fast analysis times. However, from a safety and
regulatory perspective, both XRF and LIBS are subject to strict
controls. XRF uses ionizing radiation from an X-ray source, while
LIBS employs high-energy laser pulses that pose potential eye and
skin hazards. In addition, LIBS requires high peak power (on the
order of MW per pulse) to generate plasma for elemental detection,
although the average power consumption is significantly lower.
Furthermore, these systems are typically expensive. There remains
adistinct instrumentation gap for an emission spectrometry system
that operates in ambient air, requires no consumable gases, offers
improved safety, low power consumption, and cost-effectiveness,
while being optimized for targeted alloy screening.

This study introduces a novel low-voltage portable atmospheric
pressure discharge plasma (LV-PAPD) system coupled with
optical emission spectroscopy for elemental analysis. By operating
at substantially reduced voltages, the proposed LV-PAPD
safety, reduces power
requirements, and improves the practicality of the system for

configuration enhances operational

portable use. Importantly, the plasma generated under low-voltage
conditions remains sufficiently energetic to excite atomic and
ionic species, enabling effective optical emission detection
without reliance on radio frequency excitation or noble gas
consumption. Copper-based alloys were selected in this study as a
representative case study to demonstrate the practical applicability
of the proposed LV-PAPD-OES technique. Copper alloys are
widely used in electrical engineering, mechanical components,
heat exchangers, and industrial machinery due to their excellent
electrical conductivity, thermal performance, corrosion resistance,
and mechanical strength. Depending on the application, copper
alloys are commonly alloyed with elements such as zinc, tin,
nickel, aluminium, or lead, resulting in a broad range of materials
including brasses, bronzes, and speciality copper alloys.’!*> The
compositional differences among these alloys can be directly
determined using the LV-PAPD-OES technique, demonstrating its
suitability as a rapid screening tool for portable elemental analysis
of solid metallic materials.

This study is structured as follows: First, the LV-PAPD
experimental system is established and described in detail. The
plasma emission behavior of various elemental species is
systematically examined to evaluate excitation efficiency and
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spectral stability under low-voltage operation. Then, optical
emission spectra of commonly encountered elements relevant to
copper alloy composition are collected and analyzed. Finally, the
LV-PAPD-OES method
demonstrated by the quantification of Cu and Zn composition and

practical applicability of the is
classification of multiple copper alloy samples, highlighting its
potential for practical applications.

EXPERIMENTAL

Instrumentation. The experimental setup of the LV-PAPD
system is shown in Fig. 1. The metallic sample was mounted on
the anode and connected to a 3 Q ballast resistor to limit the current,
while the cathode consisted of a tungsten rod with a diameter of
1.6 mm. The cathode was fixed, whereas the anode was mounted
on a movable block, enabling adjustment of the interelectrode
distance from a non-contact state to direct contact. The anode
moving block was driven by a 17HS4401 stepper motor
(MotionKing Motor, China) controlled by a CRD5107P step
driver (Oriental Motor, Japan). The speed of the moving block was
set at 0.625 mm/s. The gap between the anode and the cathode
before and after discharge was kept at 1 cm. The discharge
occurred immediately after contact and separation between the
cathode and anode under a low DC voltage supplied by an SPPS-
K3010 DC power source (Shenzhen Kuaiqu Electronic, China)
with a current limit of 10 A. The electrical circuit contains no

voltage-boosting unit, high-voltage power supply, transformer, or
pulse generator. The DC power source operates at a low-voltage
DC limit of up to 30 V. Consequently, plasma generation in this
system does not rely on conventional high-voltage gas breakdown
across a fixed macroscopic gap. Instead, this transient plasma is
driven by contact-separation-induced micro-arcing or short-
duration contact arc.

Upon contact, a trigger signal was generated and transmitted to
a triggering box, which relayed it to a Raspberry Pi 3B (Raspberry
Pi, UK) to initiate data acquisition. This signal triggered a high-
resolution HR2000 optical emission spectrometer (Ocean Optics,
USA) to record spectra. The spectrometer was equipped with an
HO diffraction grating, a 10 um entrance slit, and a Sony ILX511
linear silicon CCD detector. Optical emission spectra were
recorded over a wavelength range of 468-669 nm with a spectral
resolution of approximately 0.2 nm. Emission from the discharge
was collected using a 600 um core optical fiber coupled to an
optical collimator fitted with a 6 mm focal lens (Ocean Optics,
USA). The integration time for each spectrum was set to 50 ms,
which is the minimum recording time available for the HR2000
spectrometer when operated in external-trigger mode. In addition,
elemental emission images were captured using a WP-UC1200
color camera (Shenzhen Work5 Power Technology, China) with
an exposure time of 10 ms, and the discharge voltage between the

cathode and anode was collected using a DSO2C10 oscilloscope
(Qingdao Hantek Electronic, China).

Fig. 1 Experimental setup of the LV-PAPD system, including: (1), (2) electrical connection wires to the anode and cathode; (3) optical spectrometer; (4) step
motor driver; (5) trigger wire; (6) Raspberry Pi 3B; (7) triggering box; (8) DC step motor; (9) anode moving block; (10) recording camera; (11) anode holding
the metallic sample; (12) tungsten cathode; (13) 3 Q ballast resistor; (14) optical collimator; (15) optical fiber; and (16) DC power source.
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Fig. 2 Discharge voltage waveforms under different applied voltages for various elemental samples: (a) Cu, (b) Zn, (c) Ni, (d) Pb, (¢) Sn, and (f) Mn.

Sample preparation. A total of fourteen high purity metallic
reference samples (Aldon, USA) were employed to evaluate
elemental emission characteristics using the LV - PAPD system,
including copper (Cu), zinc (Zn), nickel (Ni), lead (Pb), tin (Sn),
aluminum (Al), manganese (Mn), iron (Fe), chromium (Cr),
titanium (Ti), magnesium (Mg), antimony (Sb), bismuth (Bi), and
silver (Ag). These materials were selected to cover a wide range
of atomic numbers, melting points, and electrical conductivities to
evaluate the emission behavior and analytical capability of the LV-
PAPD technique. To minimize oxide layer buildup from repeated
discharges at the same spot, which may increase contact resistance
and suppress emission signals over time, mechanical polishing
using a metal grinding file was conducted before spectral
acquisition, and the contact position was shifted to a nearby spot
for each of the five successive runs. In addition, to study the
contributions from air and tungsten cathode emission, a low-
resolution USB2000 optical emission spectrometer (Ocean Optics,
USA) was used to record OES spectra from 177 nm to 882 nm.

Six commercially relevant copper alloy samples, including
C1100, C2680, C3604, C5190, C7701, and C8360 (Haozhuo
Trading, China), were analyzed to evaluate the performance of LV-
PAPD in alloy analysis. The LV-PAPD-OES spectra obtained from
these samples were used as the training and validation datasets.
These alloys represent diverse compositional classes, including
high-purity copper (C1100), brass (C2680, C3604), phosphor
bronze (C5190), nickel silver (C7701), and leaded bronze (C8360),
enabling evaluation of elemental discrimination under more
realistic industrial conditions. Comparative analysis of these alloys
provided insight into the capability of LV-PAPD for multi-element
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detection in complex metallic matrices. To further assess the
performance of LV-PAPD, an additional six commercially copper
alloy samples (Yangcheng, China) were used to collect LV-PAPD-
OES spectra, which served as the testing dataset. Prior to the LV-
PAPD measurements, a portion of each Cu alloy sample was
dissolved in a mixture of HCI and H20xz to evaluate the elemental
compositions of the alloys using an Avio Max ICP-OES system
(PerkinElmer, USA), operated with a nebulizer argon flow rate of
approximately 1 L/min and a peristaltic pump flow rate of 3 mL/min.

RESULTS AND DISCUSSION

The electrical characteristics of the transient discharge.
Figures. 2(a-f) presents the time-resolved discharge voltage
waveforms recorded for different elemental samples under various
applied voltages. A clear transient voltage collapse is observed
during the cathode-anode contact and separation process, followed
by recovery to the preset voltage level. The discharge originates
from a contact-separation-induced micro-arc process.> During
the initial continuous contact between the electrodes, the electrical
resistance is negligible, thereby preventing charge accumulation
and suppressing local electric field buildup. When the stepper
motor reverses to separate the electrodes, the physical contact area
decreases rapidly, forcing the entire current to pass through a
progressively smaller number of microscopic surface asperities.
This transition significantly increases the localized current density
within the shrinking conductive pathways. As a result, intense
Joule heating occurs at these nanoscale junctions, leading to the rapid
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Fig. 3 (a) Time-resolved images of the discharge in a Zn sample recorded at different times. (b) Discharge images of different elemental samples captured at
the moment of contact between the cathode and anode. All measurements were performed at an applied voltage of 16 V.

melting and vaporization of the metallic contact bridge. The
rupture of this bridge releases a localized plume of metal vapor
into the sub-micrometer gap. At such extremely short separation
distances, even a relatively low DC voltage can generate a
sufficiently high local electric field to initiate breakdown.
Consequently, a transient micro-discharge plasma is ignited,
which is subsequently detected by the spectrometer (see Section 1
of the Supporting Information).

The dynamic behavior of the discharge waveforms appears to
be governed by the thermal stability of the microscopic contact
bridge during electrode separation. Among the material properties
considered, the observed trends are most consistent with the
combined influence of melting point (7m) and vaporization
tendency. Materials possessing high melting points, such as Cu
(T ~ 1085°C) and Ni (7m ~ 1455°C), exhibit relatively stable and
reproducible voltage profiles, indicating that the conductive liquid
bridge can persist during mechanical separation and undergo
controlled erosion before arc extinction.® In contrast, low-
melting-point materials such as Zn (7m ~ 420°C) and Pb (Tm ~
328°C) show broadened and highly fluctuating voltage profiles.
These behaviors reflect rapid thermal degradation of the contact
bridge, accompanied by enhanced material evaporation at elevated
localized temperatures, which promotes unstable, non-stationary
micro-arcs and prolongs voltage collapse. Electrical (o) and
thermal (k) conductivities provide secondary contributions by
influencing local Joule heating and thermal dissipation. For
instance, Cu has high electrical and thermal conductivities (o ~
5.8 x 107 S/m, k ~ 400 W/(m - K)). These high conductivities can
reduce bulk Joule heating during the initial steady contact phase,
helping to maintain a uniform conduction path.

Moreover, the Mn sample's waveform exhibits unstable
behavior despite its high melting point (~1246 °C). Its surface

chemistry and strong affinity for oxygen in ambient air should also
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be considered factors, since Mn surfaces exposed to ambient air
spontaneously develop a highly resistive, non-uniform surface
oxide film. This oxide layer can dramatically elevate the local
contact resistance and introduce highly unpredictable microscale
contact topologies. As the electrodes touch and pull apart, the
current could not flow through clean metal-to-metal asperities,
leading to delayed arc initiation and the distorted waveform
observed in Fig. 2(f).

The time-resolved images of the discharge behavior of a Zn
sample under an applied voltage of 16 V, as the cathode and anode
undergo transitions between non-contact and contact states, are
shown in Fig. 3(a). At 0.70 s, the electrodes are separated, and no
discharge is observed. A bright discharge appears immediately at
the moment of contact (0.75 s) and again instantaneously upon
separation (0.85 s), whereas no discharge occurs while the
electrodes remain in continuous contact. For the Zn sample, a
distinct bright blue emission is observed at both the contact and
separation moments. This discharge behavior is consistently
observed for all other elemental samples studied. However, the
emission intensity varies among elements, as shown in Fig. 3(b).
Strong emissions are observed for Pb, Sn, and Mn, whereas
comparatively weaker emissions are observed for Cu and Ni. In
addition, each element exhibits a characteristic emission color,
enabling rapid visual classification: Pb displays a cool white
emission, Sb shows a strong bluish white emission, and Mn
produces a purple pink emission.

Figure 4 presents the stability of emission intensities and their
corresponding relative standard deviations (RSDs) under different
applied voltages. Each contact-separation in measurement took
approximately 30 s, and the complete set of 100 measurements
required about 1 h, including the time needed to polish the metal
surface with a grinding file before each of the five successive runs.
The emission intensity of the Cu I line at 521.8 nm shows noticeable
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Fig. 4 (a) Emission intensity of the Cu I line at 521.8 nm as a function of spectrum number under different applied voltages, (b) Cu I emission intensity as a
function of spectrum number at an applied voltage of 22 V, (c) relative standard deviation (RSD) as a function of applied voltage for different Cu I emission
lines, and (d) RSD as a function of applied voltage for different elements. Mechanical polishing using a metal grinding file was conducted before spectral
acquisition, and the contact position was shifted to a nearby spot for each of the five successive runs.

fluctuations across LV-PAPD spectra, with higher applied voltages
(24-26 V) producing stronger signals but also larger variations
than lower voltages as shown in Fig.4(a). It is important to note
that each surface position underwent five repeated discharges
before the probe was moved to a nearby spot. While no clear
damage was observed on the surface at low voltage (below 16 V),
significant damage from discharges was evident at high voltage
(above 22 V).

At a fixed applied voltage of 22 V (Fig. 4(b)), the emission
intensities of different Cu I lines exhibit relatively stable and the
same behavior over time. However, the intensity level and
fluctuation amplitude vary among wavelengths, with the 521.8 nm
line showing the highest signal. The effect of applied voltage on
measurement precision is further shown in Fig. 4(c), where the
RSD values for different Cu I emission lines increase with
increasing voltage, indicating reduced signal stability at higher
excitation conditions. A similar trend is observed across the
different elements in Fig. 4(d), where RSD generally increases
with applied voltage, although the extent of variation varies by
element.
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The emission spectra of different element samples. Based on
these characteristics, we collected emission spectra of 14-element
samples. The emission lines of each element were then assigned
using the NIST Atomic Spectra Database.>* Fig. 5 presents the
optical emission spectra generated during the transient discharge
of Cu, Zn, Ni, Pb, Sn, Al, and Mn samples using the LV-PAPD
system. Due to the inherent delay between the trigger signal
transmission from the triggering box to the Raspberry Pi 3B and
the spectrometer, these spectra were recorded at the moment when
the anode and cathode were separated. We note that each elemental
sample exhibits distinct, well-resolved atomic emission lines in the
visible spectral range, enabling clear elemental identification. For
Cu, prominent Cul emission lines at 510.6 nm, 515.3 nm, and
521.8 nm dominate the spectrum, indicating that neutral Cu atoms
are efficiently excited during the transient discharge. The Zn
spectrum shows strong Znl emissions, including characteristic
lines near 472.2 nm, 481.1 nm, and 636.2 nm. Ni exhibits multiple
Nil emission lines distributed mainly between 470 nm and
560 nm, while Pb displays intense PbI and PbII emission lines,
notably around 500.4 nm, 504.3 nm, and 666.0 nm, reflecting
strong excitation and partial ionization. Sn and Al also show clear
elemental signatures, with Sn1/Sn 1l emission lines concentrated
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near 533-590 nm and Al/ALII emission lines appearing around
559.3-623.4nm. The Mn spectrum shows many MnI emission
lines across the entire measured wavelength range, consistent with
the intense and visually distinctive emission observed during
discharge imaging. Clear other emission spectra from Fe, Cr, Ti,
Mg, Sb, Bi, and Ag samples were also observed (see Section 2 of
the Supplementary information). Fe and Cr display multiple
FeI/Fell and CrI emission lines, indicative of efficient excitation
of transition metals with complex electronic configurations. Ti
likewise shows many Til emission lines, while Mg produces a
simpler spectrum dominated by strong Mg lines near 517.3 nm
and 518.4 nm. Sb and Bi exhibit both neutral and singly ionized
emission lines distributed across a wide wavelength range. The
observed emission peaks for all elements are consistent with
reported atomic transitions, confirming the reliability of LV-PAPD
for spectroscopic elemental identification.

We have collected a control spectrum of Cu and Zn over the
wavelength range 177-882 nm to analyze contributions from the
air matrix and the tungsten cathode (see Section 3 of the
Supplementary information). It is important to note that these LV-
PAPD OES spectra were obtained without a sample or baseline
subtraction. In the ultraviolet-to-blue spectrum, there are no
molecular bands from atmospheric nitrogen, and we did not detect
emission lines of oxygen or nitrogen at longer wavelengths.
Additionally, no emission lines from the tungsten cathode were
observed in the UV-Vis range of recorded spectra. These
observations suggest that there is an absence of contributions from
air species and cathode-derived emissions under current
acquisition conditions. However, traces of Na I at the 589.0 nm
and 589.6 nm emission lines are occasionally detected due to
ambient dust.

The presence and relative intensities of neutral (I) and singly
ionized (II) emission lines in the LV-PAPD spectra can be
interpreted in terms of both the elemental characteristics and the
transient discharge properties. Elements with relatively low
melting or boiling points, such as Pb, Sn, Sb, and Bi, are expected
to vaporize more readily under discharge conditions, which can
increase the population of atoms available in the plasma phase.
However, such thermophysical properties alone do not directly
imply enhanced ionization. The observed prominence of II
emission lines for these elements may instead reflect a
combination of other factors, including local electron temperature,
electron density, and energy transfer processes occurring during
the short plasma lifetime. In contrast, elements with higher
ionization energies or stronger metallic bonding, such as Cu, Ni,
and Ag, tend to exhibit predominantly neutral atomic (I) emission
lines. This observation may indicate that, under the present
low-voltage, atmospheric-pressure conditions, the discharge
energy is sufficient to excite neutral atoms but not to sustain
significant ionization.
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Fig. 5 Optical emission spectra generated during the transient discharge of
different elemental samples, including Cu, Zn, Ni, Pb, Sn, Al, and Mn.
Spectral acquisition was initiated immediately as the anode and cathode
were separated, and the integration time for each spectrum was set to 50 ms.

Preliminary semi-quantitative calibration of the Cu and Zn
composition in Cu alloys by the LV-PAPD system. Although the
LV-PAPD system shows great promise for elemental identification,
its performance may differ when analyzing materials composed of
multiple elements, particularly in the case of alloys. In such
materials, the concentration of dopant or minor elements is often
much lower than that of the host matrix. This can result in weak or
even undetectable emission lines from the minor components,
potentially leading to incomplete or incorrect classification when
relying solely on LV-PAPD emission spectra. For this reason, we
investigate the performance of the LV-PAPD system for the
classification of Cu-based alloys to analyze its ability to
distinguish alloy compositions despite the presence of low
concentration elements. These alloys include pure copper (C1100),
brass (C2680, C3604), phosphor bronze (C5190), nickel silver
(C7701), leaded bronze (C8360). Their
concentrations measured by ICP-OES are shown in Table 1.

and elemental

Elements marked with “- -’ were below the detection limit of the
measurement and therefore not detectable.
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Table 1. Elemental concentrations of Cu-based alloys measured by ICP-OES in the training/validation dataset and the testing dataset. Elements marked with

@ »

were below the detection limit of the measurement and therefore not detectable

Element concentration (wt.%)

Cu alloys

Cu Zn Ni Sn Pb
C1100 99.2+2.0 - - - -
Traini d C2680 65.4+1.7 343+0.7 - -- --
rz:j“‘:‘ig an C3604 60.4+13 384=1.0 - - 20+0.1
;at at°“ C5190 954+20 - - 50+0.1 -
atase C7701 591+1.6 242+04 17.0+0.3 - -
C8360 84.4+2.1 50+0.1 - 6.0+0.1 5.0+0.1
C1100 983+25 - - - -
Testing dataset C2680 66.0+2.0 340+0.8 - -- --
esting datase C3604 503+12 380+0.8 - - 20+0.1
C5190 944+23 - - 50+0.1 -
C7701 60.7+t14 23.6+04 16.1+0.2 - -
C8360 83.3+2.0 5.1+0.1 - 7.0+0.5 35+02
* Mean of determination + standard deviation
' ' w' ' ' ' ' ' principal emitting species across all alloy compositions. In
& o @0 g 0¥4o 6 9 Na S 3 addition to Cu emissions, spectral features attributable to alloying
e Bns S068 g L5k g3 elements such as Zn, Sn, Pb, and Ni are detected in selected
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§ Tﬁ 33 I /5;{ 55 C_;E L:, 3 56 samples, depending on their composition. Zn-related emission
AL SN L % 18360 lines, including Zn I transitions at 472.2 nm, 481.1 nm, and 636.2
g é; § ;ég ﬁ E ~ E g % 3 % nm, are observed in brass alloys such as C2680 and C3604. Pure
ToovIgizY o8 0T 0 it Cu (C1100) exhibits only Cu emission lines, consistent with the
N Nrfifﬁ %33 § = L? 3 f § N 701 absence of alloying elements. Sn-related emissions, including Sn
) I and Sn II lines at 556.2 nm, 558.9 nm, 579.9 nm and around
©m & N No < .
EES E © % E gR g 645.4 nm, are observed in bronze samples (C5190 and C8360),
- 5 [re BT B To) ; . R . .
=L =32 L4 L2= = i while a Pb emission feature at 560.9 nm is detected in leaded brass
33| 3 55 338§ & .. e .
E R a7 7 0/('0 U')\ C5190 (C3604). In addition, we observed weak Ni emission lines even in
E g P g(\! . o g . A % Ni-containing alloys (C7701).
8§ |N== 2202 Zs<2 3z == N The selection of the 468-669 nm spectral acquisition range was
NN OO O a O O N N N . . . . .
% t tt tort C3604 primarily constrained by the specific hardware configuration of
N é - g @ 5w 3 ~ the available spectrometer (Ocean Optics HR2000 equipped with
o 0 T . . . . .
§ 42 S%; o b B 3 an H9 diffraction grating). Although this window excludes the
< 1 IS 33 IJ ‘;3 % 3 % % ultraviolet (UV) region, it hosts a set of prominent visible emission
C2680 : : : o
A ol - ' lines which are sufficient for fingerprinting copper alloys. These
go @ 2 o include the strong Cu I emission lines at 510.6 nm, 515.3 nm, and
e ] [N
el oe 521.8 nm, as well as distinct alloying signatures such as the Zn [
??J c? ‘? f) 1100 doublet (472.2 and 481.1 nm), and characteristic Sn I/Il and Pb I
; A ; : ; ; A electronic transitions. However, other elements, such as Al, exhibit
480 510 540 570 600 630 660

Wavelength (nm)

Fig. 6 Optical emission spectra of different Cu-based alloys measured using
the LV-PAPD system. Spectral acquisition was initiated immediately as the
anode and cathode were separated, and the integration time for each
spectrum was set to 50 ms. The applied voltage was set at 22 V.

Figure 6 shows the optical emission spectra of the Cu-based
alloys measured using the LV-PAPD system. For all samples,
dominant Cul emission lines at 510.6 nm, 515.3 nm, 521.8 nm,
and 529.3 nm are clearly observed, confirming that Cu is the
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their strong emission lines in the UV region. For specialized
copper matrices such as aluminum bronzes, relying solely on the
visible spectrum imposes inherent sensitivity limitations because
these primary UV emissions are absent. Incorporating a dual-
channel or wide-range UV-Visible spectrometer configuration is
recommended.

To quantify the elemental composition in Cu alloys, the
regression method can be employed by fitting the intensity of the
strongest emission lines as a function of element concentration.
Fig. 7(a, b) show intensity of emission lines as functions of Cu
concentration (Fig. 7(a)) and Zn concentration (Fig. 7(b)). The Cu
emission line at 521.8 nm and the Zn emission line at 481.1 nm
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Fig. 7 Emission line intensities as functions of (a) Cu concentration and (b) Zn concentration. The Cu emission line at 521.8 nm and the Zn emission line at
481.1 nm from Cu alloys are used for evaluation. The read dash lines represent the results of the linear fit between the emission line intensities and Cu (or Zn)
concentrations. (c) Relative standard deviation (RSD) and (d) relative difference (RD) as functions of Cu and Zn concentrations.

from Cu alloys are used for evaluation. The read dash lines
represent the results of the linear fit between the emission line
intensities and Cu (or Zn) concentrations. Coefficients of
determination (R?) 0f 0.985 for Cu and 0.907 for Zn indicate good
agreement between the experimental data and the linear fitting
model.

The limit of detection (LOD), which represents the lowest
concentration that can be detected, and the limit of quantification
(LOQ), which represents the lowest concentration that can be
reliably measured with acceptable accuracy and precision, were
evaluated as follows:

LOD = 3?‘7 (Wt. %) M
LOQ = 1%” (Wt. %) )

Where S is the slope obtained from the linear fit between the
emission line intensities and Cu (or Zn) concentrations, and o is
the residual standard deviation from the regression line, which is
expressed as:

N
Z (yExp. _ yRegA)Z
n n
| o= 3
N-2
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Exp. . . . Pred. .
Where Y, - is the measured intensity, and ynre is the
predicted intensity from regression line.

In addition, the accuracy and precision of the regression method
for quantifying the Cu and Zn composition in Cu alloys were
evaluated using the relative difference (RD) and relative standard
deviation (RSD), respectively. Their expressions are given as

follows:
1 & |CExp._CReg.
RD=—S'1"1"n ™ | “)
RSD = 10 s)
CReg

Where Cf - and Cf ®9" are the n'™ experimental and the n™
predicted the Cu or Zn composition by regression method. CR%
is the average predicted the Cu or Zn composition. N is the total
number of recorded spectra, and S7D is the standard deviation
which can be calculated as follows:

(o &)

N -1

STD = Z:;‘ ©

(wt. %)
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Fig. 8 (a) Cumulative explained variance ratio as a function of the number of principal components. (b) Classification of copper alloys based on three
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including 120 LV-PAPD spectra subtracted from the spectrometer’ s dark signal background, was used in the evaluation.

LODs were estimated to be approximately 18 wt.% for Cu and
7 wt.% for Zn. However, at low Cu concentrations, the relative
content of other elements, particularly Zn, becomes higher. This
compositional imbalance enhances the emission intensity of the
matrix elements while simultaneously suppressing the intensity of
Cu emission lines. As a result, the Cu signal becomes weakened,
especially below 50 wt.%, as shown in Fig. 7(a). Consequently,
the intercept of the linear fit for Cu is negative (intercept = -386.1
au). This leads to the practical detection limit for Cu being closer
to ~50 wt.%, which is higher than the LOD calculated from the
regression-based function. Thus, the LOQs, which are 59 wt.% for
Cu and 23 wt.% for Zn, provide more realistic thresholds for
reliable quantification in this study. Fig. 7(c, d) presents the RSD
(Fig. 7(c)) and RD (Fig. 7(d)) as functions of Cu and Zn
concentrations. For Cu concentrations above 80 wt.%, both RSD
and RD remain below 15%, indicating acceptable precision and
accuracy. However, both parameters increase significantly at
Cu reduced analytical
performance in this region. A similar trend is observed for Zn,

lower concentrations, reflecting
although its concentration range is lower than that of Cu. These
results indicate that the regression method provides better
precision and accuracy at higher concentrations, whereas both
precision and accuracy deteriorate at low concentration levels for

both Cu and Zn in the Cu alloy samples.

Identification of Cu alloys by the LV-PAPD system. The weak
emission lines may hinder the LV-PAPD system's ability to
identify Cu-based alloys. In addition, even when the dopant
concentration is relatively high, as in Zn in brass samples (C2680
and C3604), misclassification can still occur because of their
highly similar emission characteristics. The dominance of Cu
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emission and the overlap of Zn-related spectral features make
spectra difficult to distinguish using simple line-based analysis,
highlighting an inherent limitation of LV-PAPD when applied to
alloys with closely related compositions. To extract reliable
analytical information from complex, high-dimensional emission
spectra, data-driven multivariate architectures have become
indispensable. Machine learning (ML) algorithms have been
successfully applied across diverse metallurgical frameworks.3+38
In this study, principal component analysis (PCA)>° was employed
to assess the classification capability of the measured emission
spectra. A total of 100 emission spectra were collected for each
copper alloy sample to construct the training and validation
datasets. These spectra were split into training and validation
datasets in an 80:20 ratio, respectively. For the testing dataset,
independent commercial copper alloys, distinct from those used in
training, were utilized, and 20 spectra were collected per sample.
Consequently, the total numbers of spectra in the training,
validation, and testing datasets were 480, 120, and 120,
respectively. For spectral preprocessing, the collected LV-PAPD-
OES spectra were corrected by subtracting the spectrometer’ s
dark signal background. Fig. 8 shows the PCA results for the Cu
alloy dataset. The explained variance increases rapidly with the
first few components, exceeding 95% with fewer than five
principal components and approaching saturation above 98% as
additional components are included, as shown in Fig. 8(a). This
result indicates that most of the spectral information is captured by
a low-dimensional feature space, validating the application of
PCA for dimensionality reduction of LV-PAPD emission data.
Fig. 8(b) shows the three-dimensional PCA score plot using the
first three principal components. The testing dataset was used in
this evaluation, and each color denotes a different class of copper

Atom. Spectrosc. 2026, 47(3), 403—416.



alloy, and the translucent ellipsoids represent the 95% confidence
interval. Distinct clustering is observed for some alloy types, such
as pure Cu (C1100), which forms a compact and well-separated
cluster. In contrast, brass samples C2680 and C3604 exhibit
overlap in the PCA space, reflecting their highly similar spectral
features dominated by Cu and Zn emissions. Alloys with more
complex compositions, such as C8360 and C5190, tend to exhibit
broader distributions. These results demonstrate the capability of
classifying Cu alloys using a combination of the LV-PAPD system
and the ML method.

For rapid Cu alloy classification, K-Nearest Neighbors
(KNN),* Support Vector Machine (SVM),* and Random Forest
(RF) # Logistic Regression (LR) ** models were employed. These
machine learning (ML) models are widely used for classification
tasks and provide complementary perspectives on data structure
and separability. The KNN algorithm, a distance-based non-
parametric method, can classify Cu alloys by investigating
localized, proximity-driven clustering behavior. SVM with a
radial basis function (RBF) kernel were applied to project the LV-
PAPD-OES dataset into a higher-dimensional space and construct
optimal separating hyperplanes. RF provided an ensemble
learning approach by aggregating multiple decision trees, enabling
robust handling of multi-feature inputs and improved resistance to
noise. In addition, LR was employed as a baseline linear model to
evaluate the dataset's linear separability for Cu alloy classification.
These ML model has its own parameters that need to be optimized.
For example, the number of neighbors is a key factor affecting the
performance of the KNN model, while the number of trees is a
critical parameter in the RF model. In addition, tuning the
regularization parameter is essential for both SVM and LR models.
Thus, the dependence of accuracy on these parameters was
evaluated using a validation dataset implemented with the Scikit-
learn library in a Python environment. Based on these
performance results, the optimal parameters for each model were
selected, as summarized in Section 4 of the Supporting
Information.

It is important to note that PCA was not used as an independent
supervised classifier. Instead, PCA was applied as an unsupervised
dimensionality reduction technique to compress the high-
dimensional spectral data into an orthogonal three-dimensional
subspace that captures the majority of the variance. This reduced
representation was used for exploratory cluster visualization, as
shown in Fig. 8(b). To obtain classification results from PCA, the
first three principal components derived from this compression
step were used as input features for a KNN classifier, referred to
as PCA-KNN in Table 2.

The classification performance of these models on the testing
dataset is summarized in Table 2 in terms of accuracy, precision,
recall, and F1 score. Among ML models, SVM achieved the
highest classification performance, with an accuracy of 0.98, indicating
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Table 2. Classification performance of PCA-KNN, k-nearest neighbors
(KNN), random forest (RF), support vector machine (SVM), and logistic
regression (LR) models. The testing dataset was used in the evaluation

Models Accuracy Precision Recall  F1-Score
PCA-KNN 0.88 0.90 0.88 0.87
KNN 0.96 0.96 0.96 0.96
SVM 0.98 0.98 0.98 0.97
RF 0.95 0.95 0.95 0.95
LR 0.97 0.98 0.97 0.97

C8360
C7701 +

g

8 C5190

S

°

QL C3604
o

C2680

C1100 0 0 1 0 0

T T T T T

O Q b O > N}
N 9 V) S Q O
» o O N \ >
[ ¢ I A O oo
Cu alloy

Fig. 9 Classification performance of the random forest (RF) model for Cu-
alloy identification using LV-PAPD emission spectra. The testing dataset
was used in the evaluation.

strong discriminative power for Cu alloy identification based on
LV-PAPD emission spectra. The LR model also performed
robustly, with an accuracy of 0.97, demonstrating that linear
decision boundaries can still capture meaningful spectral
differences among Cu alloys. In contrast, PCA-KNN achieved the
lowest classification accuracy of 0.88.

Figure 9 presents the confusion matrix of the RF model for Cu
alloy identification using LV-PAPD emission spectra. Most alloys
are classified with high accuracy using the RF model. Pure Cu
(C1100) is perfectly identified, with all test spectra correctly
predicted. Similarly, brass (C2680 and nickel silver (C7701) are
also classified without misclassification, indicating that their
spectral characteristics are sufficiently distinct for robust
discrimination by the RF model. Misclassifications mainly
occurred for leaded bronze (C8360), often confused with
phosphor bronze (C5190) due to their similar Sn compositions.
Despite this, the overall classification accuracy remained high,
demonstrating the RF model's ability to classify Cu alloys. Fig. 10
shows the distribution of feature importance from the RF model,
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Fig. 10 Distribution of feature importance from the RF model.

highlighting the spectral regions that contribute most strongly to
classification. The most important features correspond to
characteristic emission lines of both host and alloying elements,
including Cul lines at 510.6 nm, 515.3 nm, 521.8 nm, and
529.3 nm, Zn 1 lines at 472.2 nm, 481.1 nm, and 636.2 nm, as well
as Sn I/Sn1lI and Pb I/Pb I lines distributed between 550 nm and
600nm. In addition, weaker Ni-related emission lines also
contribute to classification, despite their relatively low intensity.
The results demonstrate that the RF model effectively integrates
information from multiple emission features, including weak and
overlapping spectral lines, thereby enhancing the discrimination of
Cu alloys under low-voltage and transient discharge conditions.
These findings indicate that combining LV-PAPD spectroscopy
with an appropriately selected machine learning model can
significantly improve alloy classification performance while
enabling rapid identification.

Table 3 presents a comparison of performance and safety among
the commercial handheld XRF, the handheld LIBS, both widely
used for alloy composition analysis, and the LV-PAPD system
developed in this study. Handheld XRF is associated with ionizing
radiation risks and potential eye exposure, requiring strict
regulatory compliance and state licensing, despite offering non-
destructive testing. Handheld LIBS eliminates ionizing radiation but
presents significant optical eye hazards due to intense Class 3B/4
specular laser reflections, alongside moderate regulatory constraints.

It remains largely non-consumptive aside from optional argon
gas and is considered micro-destructive. In contrast, the LV-PAPD
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Table 3. Performance and safety comparison of handheld XRF, LIBS, and
LV-PAPD systems

Handheld Handheld LV-PAPD

XRF 7 LIBS % (this study)
Radiation risk High (X- None None

rays)

High (X- High (Class Low-Moderate
Eye hazard ray) 3B/4Laser)  (Arc UV/ Flash)
Regulatory High Moderate Low
Analysis time 3-30s 2-10s ~30s
g:snsumable None None (or Ar) None
Destructive Non Micro Micro
Cost High High Low

system mitigates high-consequence hazards by operating without
ionizing radiation or high-power laser sources, yielding a minimal
regulatory burden. However, because the micro-arc discharge
operates via localized electrical contact separation, it can produce
UV emissions, thermal radiation, micro-spattering of molten metal,
and localized electrode heating. Consequently, while primary
electrocution risks are minimized by low-voltage operation,
standard personal protective equipment (PPE), including UV-
blocking safety eyewear and thermal gloves, is required. Similar
to LIBS, LV-PAPD is micro-destructive. Nevertheless, it offers an
exceptionally low hardware cost compared to the high costs of
commercial XRF and LIBS units, underscoring its practical
potential for on-site identification of copper alloys.
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CONCLUSION

In this study, a low-voltage portable atmospheric pressure
discharge plasma (LV-PAPD) system coupled with optical
emission spectroscopy was developed and demonstrated for rapid
screening of Cu alloys. Operating at low DC voltage and
atmospheric pressure with ambient air, the system enables safe,
compact, and low-voltage operation without vacuum
infrastructure or noble gases, making it well-suited for portable
and on-site applications. The transient contact and separation
discharge produces stable, element-dependent optical emissions,
governed by intrinsic material properties. Characteristic neutral
and ionic emission lines from a wide range of elements were
clearly observed, confirming sufficient excitation capability under
low-voltage conditions. When applied to Cu-based alloys,
dominant Cu emission and dopant signals can be observed. Using
the regression method, the practical LOQs for Cu and Zn in these
alloys were estimated at approximately 59 wt.% and 23 wt.%,
respectively. The regression method demonstrates improved
precision and accuracy at higher concentrations. However, both
precision and accuracy decline at lower concentration levels for
both Cu and Zn in the Cu alloy samples. In addition, ML
approaches substantially improve classification performance. In
particular, the SVM models achieved classification accuracies of
up to 98%, and the feature importance analysis from RF model
revealing that both strong host-element and weak dopant
emissions contribute to alloy discrimination. These results
demonstrate that LV-PAPD-OES provides a practical and
effective approach for rapid, portable identification of copper
alloys under atmospheric and low-power conditions, and can be
used as a portable screening tool for rapid classification of copper
alloys.
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