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M

ichael J. Hennessy, Sr. was the beloved chairman and CEO of
MJH Life Sciences, parent company of Spectroscopy Magazine.
Hennessy spent his career turning his passion for building businesses and creating jobs into a run of successful ventures and
brands. Following his graduation from Rider University in 1982,
he started his career in medical publishing as a sales trainee. In 1986,
Hennessy became chief operating officer of Medical World Business Press, which was part of the launch of medical newspapers and
other media products. The company prospered and was eventually
sold to a Boston-based venture capital firm.
Hennessy launched Multimedia Healthcare, LLC, in 1993 and
built a portfolio of award-winning clinical journals. In 2001, Freedom Communications, Inc. acquired Multimedia Healthcare,
about the time that Hennessy was pioneering a new approach
to print and digital publishing with Intellisphere, LLC (now part of
MJH Life Sciences). Guided by the principles of innovation and
entrepreneurial spirit, and reflecting its founder’s dedication to
improving quality of life through health care research and education,
Intellisphere publishes a variety of integrated print and digital products focusing on a range of topics in research and clinical medicine.
To build a comprehensive multimedia and education platform, Hennessy added additional companies and capabilities to
the MJH Life Sciences portfolio. In 2004, he acquired Healthcare
Research Analytics, which has been the leader in health care market
research for over 30 years. In 2005, Hennessy acquired ArcMesa
Educators, LLC, leaders in online certification for physicians, pharmacists, nurses, and other health care professionals. Reflecting
his lifelong interest in politics, Hennessy acquired Campaigns &
Elections magazine in 2005, publishing the journal through Political
World Communications, LLC. He sold the publication to Biteback
Media Ltd. in 2011.
In February 2008, Hennessy acquired the rights to the journals Pharmacy Times and The American Journal of Managed
Care, both recognized in their respective markets as authoritative,
trusted media platforms that provide essential information to a
large audience of health care professionals.
In April 2011, MJH Life Sciences acquired Physicians’ Education
Resource, LLC (PER), an accredited continuing medical education
company that is an industry leader in producing high-quality, firstrate oncology and hematology meetings and conferences. The PER
acquisition included a variety of multichannel enduring educational
activities, as well the rights to legacy medical meetings, such as the
annual Miami Breast Cancer Conference.
Hennessy’s commitment to improving the lives of patients with
cancer is deeply rooted within the halls of MJH Life Sciences.

www.spectroscopyonline.com

As a complement to the industry leading OncLive platform, he developed the
Giants of Cancer Care awards to recognize the leaders and pioneers who often
go unrecognized for their contributions
to advancing oncology care. He further
strengthened his commitment to education by acquiring CURE Media Group
in 2014, followed by the purchase of the
Chemotherapy Foundation Symposium,
in his quest to provide oncology profesMichael J. Hennessy Sr.
sionals with focused education on innoChairman/Founder
vative cancer therapy.
MJH Life Sciences
In 2019, MJH Life Sciences made
1960-2021
its largest acquisition to date when
it acquired the Healthcare and Industry Sciences divisions
of UBM Medica, nearly doubling the size of the organization and adding legacy titles such as Medical Economics and
Pharmaceutical Executive to his already impressive portfolio.
This acquisition made the organization the largest independently owned medical communications company in North
America. In addition to acquisitions, Hennessy organically
developed ancillary in-house agency divisions with Proximyl
Health, Truth Serum NTWK, and MJH Global Medical Affairs.
Later in 2019, Hennessy elevated his own role to Chairman while naming his son, Mike Hennessy, Jr. to assume the
leadership role of the organization and carry on the family
legacy. Under Mike Jr.’s leadership, the company enhanced its
global potential by entering into a long-term partnership with
BDT Capital Partners, LLC, in November 2021.
Due to his broad business and educational experience and
understanding of the challenges facing New Jersey, Hennessy’s
counsel and insight had been sought by several organizations,
including his alma mater Rider University, where he served
on the Board of Trustees and was elected to the executive
committee. In addition to being active in state and national
politics, Hennessy also had a long record of service at the
local level, where he was a strong advocate for veterans and
environmental issues.
Hennessy was preceded in death by his wife, Patrice Hennessey, who bravely battled cancer for almost 10 years until
her death in January 2020. Hennessy donated $4 million to
Rider University to expand the Science and Technology Center
at their alma mater. The Mike & Patti Hennessy Science and
Technology Center is set to be completed in 2022.
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IR SPECTRAL INTERPRETATION WORKSHOP

The Infrared Spectra of
Polymers IV: Rubbers
Brian C. Smith

In our ongoing survey of the infrared (IR) spectra of polymers, we
now turn our attention to rubbers.
Many of these materials have C=C
bonds, giving us the opportunity to
review how to use IR spectroscopy to
distinguish between the six types of
alkenes. We also examine the spectra of rubbery materials in detail,
such as synthetic rubber, natural rubber,
and trans-butadiene rubber.
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T

he term elastomer is generally used to refer to polymers that
will stretch and then snap back
into position (1). For our purposes here,
the term rubber refers to a family of elastomeric materials that contain C=C bonds
in the polymer backbone. Natural rubber
was, and still is, obtained by removing the
bark from rubber trees, collecting the sap,
and processing it (2). Ancient Mesoamericans used natural rubber to make the balls
that were used in the Mesoamerican ballgame (3), which had elements of soccer,
basketball, and racquetball in it.
Natural rubber is a polymer of the molecule isoprene whose structure is seen to
the left in Figure 1. The structure of natural
rubber or polyisoprene is seen to the right
in Figure 1.
Because the price of natural rubber at
times has been high because of the scarcity of its raw material, chemists devised a
way to make many different synthetic rubbers. For our purposes, synthetic rubber will
mean poly-cis-1,4-butadiene, which is made
from a butadiene monomer. The structures
of this monomer and its corresponding
polymer are shown in Figure 2.
The unique property of rubber that
makes it useful is that it is “springy,” meaning that it returns to its original shape
after being compressed or stretched.
This “springy” characteristic is illustrated
by pulling on a rubber band, letting it
go, and watching it spring back to shape.
Much research in the 20th century went

into trying to explain why rubbers spring
back to their original shape. Long story
short, as my professor of polymer physics
explained, rubber is an “entropy spring”
(4). Recall from thermodynamics that the
tendency of most natural processes in
the universe is to move toward higher entropy. Rubbery polymers are amorphous
at room temperature, thus maximizing
their entropy. When the polymer chains
are stretched, they align with each other,
decreasing the entropy. The desire of the
material to resume a state of maximum entropy is what causes it to snap back to its
original dimensions.
The Infrared Spectra of Alkenes
As I have mentioned in previous columns
in this series, the infrared (IR) spectra of
polymers are not unique; the spectrum of a
functional group generally looks the same
whether it is contained in a polymer or in
a small molecule. Thus, our study of polymer spectra is an excellent opportunity
to review functional group spectra from
previous columns.
The polymers we examine here are
restricted to those rubbers that have
C=C bonds in their backbones, which
means that these rubbers are alkenes,
whose structures and spectra have been
discussed previously (5).
The number and position of the substituents around the C=C bond of an
alkene lead to six different substitution
patterns, which are illustrated in Figure 3.
www.spectroscopyonline.com
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FIGURE 1: (a) The molecular structure of isoprene. (b) The
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(b) The molecular structure of synthetic rubber or polycis-1,4-butadiene.
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FIGURE 3: Six substitution patterns for alkenes. The “R-”
group is a non-hydrogen substituent, typically carbon.
TABLE I: The Group wavenumbers (cm -1) for alkenes.
Alkene

C-H Stretch

C=C Stretch

C-H
Bend

Vinyl

3090–3075

1660–1630

990±5,
910±5

Vinylidine

3090–3075

1660–1630

890±5

Cis

3050–3000

1660–1630

690±50

Trans

3050–3000

1680–1665

965±5

Trisubstituted

3050–3000

1680–1665

815±25

-

1680–1665

-

Tetrasubstituted

The “R-” group in the illustration is a non-hydrogen substituent,
typically carbon.
For our purposes, we will focus on cis-, trans-, and trisubstituted molecules. Note that for cis- and trans-isomers,
there are two hydrogens and two R-groups attached to the
C=C. However, for cis-molecules, the R-groups are on the
same side of the double bond, whereas for trans-molecules,
10 Spectroscopy 37(1)
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FIGURE 4: The infrared spectrum of synthetic rubber, or
poly-cis-1,4-butadiene which contains cis- alkene functional groups.

they are diagonally across from each other. The way I remember this is that the prefix trans is derived from the Latin
for across, which is also the root of the word transportation, which means to carry something across from one place
to another.
Alkenes are unsaturated because the C=C bond can react
with hydrogen, resulting in more of them being added to
the molecule. Recall that for unsaturated molecules, their
C-H stretches typically fall between 3100 and 3000 cm-1 (5),
which is true for alkenes as well.
Another important group wavenumber for alkenes is the
C=C stretch. This C=C stretch typically falls from 1680 to
1630 cm-1 and is somewhat sensitive to the substitution pattern (5). As seen in Table I, cis-C=C stretches fall from 1660
to 1630 cm-1, whereas for trans- and trisubstituted alkenes
these peaks appear in the 1680–1665 cm-1 range.
However, the best way to determine alkene substitution
patterns is the number and position of the C-H wagging
peaks, denoted as “C-H Bend” in Table I. Recall that the
term wag is shorthand for an out-of-plane bending vibration
(6), so named because it looks like the wagging tail of a dog.
Note that for cis-molecules, the C-H wagging peak falls at
690±50, for trans-molecules at 965±5, and for tri-substituted
alkenes at 815±25. The C-H wagging peak for trans-alkenes
is particularly notable for its intensity, sharpness, and the
narrow range it falls in.
The Infrared (IR) Spectra of Rubbers
The IR spectrum of synthetic rubber is seen in Figure 4. Note
that this structure contains cis-functional groups, which means
that like substituents are on the same side; that is, the two CH2
substituents are on one side of the double bond while the two
hydrogens are on the other side.
www.spectroscopyonline.com
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FIGURE 5: The IR spectrum of trans-butadiene acrylonitrile rubber.

Absorbance (AU)

The unsaturated C-H stretching peak
for this material labeled A falls at 3006
cm -1, above 3000 cm -1 as expected
for an unsaturated functional group.
The C=C stretching peak labeled B is at
1654 cm-1, and is in the range consistent
with cis-molecules. The C-H wagging
peak is at 736 cm-1. The position of this
peak is a little troubling because we have
also seen that CH2 rocking peaks fall at
720±10 (6). However, methylene rocking
peaks tend to be smaller and narrower
than cis-alkene C-H wags, hence these
peaks should not be confused.
The IR spectrum of a synthetic copolymer, trans-butadiene acrylonitrile
rubber, is seen in Figure 5. This polymer
is made from butadiene and acrylonitrile monomers. As seen from its name,
this material contains mostly transdouble bonds. Note this rubber contains methylene groups but no methyls;
therefore it has only two C-H stretching
peaks between 3000 and 2850 cm-1 as
we have previously discussed (6).
The unsaturated C-H stretch for
the C=C bonds is seen at 3062 cm -1,
whereas the alkene double bond stretch
is labeled B and appears at 1663 cm-1.
What stands out in this spectrum is the
intense, sharp trans-C-H wagging peak
labeled C at 966 cm -1. Note that this
is the biggest peak in the spectrum.
The acrylonitrile portion of the polymer
gives rise to a C º N stretching peak la-
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FIGURE 6: The IR spectrum of polyisoprene or natural rubber.
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beled A at 2217 cm-1. We studied nitriles
and their spectra in a previous column
(7). Trans-butadiene rubber contains
methylene groups only, so only two
C-H stretching peaks between 3000 and
2850 cm-1 are present, as expected (6).
Lastly, the IR spectrum of natural rubber is seen in Figure 6. Note that natural
rubber contains a tri-substituted C=C
bond with two CH2 substituents and
one CH3 substituent. It contains both
methyl and methylene groups, hence
the three peaks between 2840 and
3000 cm-1 as expected (6). The unsaturated C-H stretch of natural rubber is at
3022 cm-1, the C=C stretch labeled A is
at 1664 cm-1, and the C-H wag labeled B
is seen at 830 cm-1, all of which are consistent with presence of a tri-substituted
C=C bond.

pressed or stretched because they are
entropy springs. Many rubbery polymers
contain C=C bonds in their backbones,
which means they are alkenes. Thus, rubbers exhibit the unsaturated C-H stretching, C=C stretching, and C-H wagging
peaks typical of alkenes. We reviewed the
spectra of cis-, trans-, and tri-substituted
alkenes, and then examined the spectra
of natural and synthetic rubbers.
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Examine Figure I, which is the infrared spectrum of a polymer
and its associated peak position table, and answer the following
questions:
1. What functional groups are present? What group wavenumber(s)
can you cite to support your answer?

2952

.8

2850

1

1460

.6

.4

1376

Absorbance (AU)

.2

724.3

Remember me? I’m the Infrared Spectral Interpretation Challenge.
I worked awfully hard during the first 30+ editions of this column,
but then I got burned out and had to take an extended vacation.
Since then, I’ve been lolling about on tropical beaches, imbibing
drinks with tiny umbrellas in them, and recharging my batteries. It’s
been easy for me to travel, since, because I’m not real, I can’t catch
any nasty viruses. Well, I am glad to say that I’ve finally returned
and am cracking to get back to work, I hope you are glad to see me.
Now, onto your assignment.
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Infrared Spectral Interpretation
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Figure i: The infrared spectrum of a polymer.

2. Does this material contain a C=C bond? Justify your answer.
3. Based on your answer to question 1, does this material qualify as a rubber given the definition of it given above?
4. Given its structure, would you expect this polymer to act like an entropy spring at room temperature?
Answers in the next issue. See you then!
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LASERS AND OPTICS INTERFACE

Catching Covid:
Rapid Spectroscopic
Methods Show Promise
Steve Buckley

Since we have been beset by the
global Covid-19 pandemic in early
2020, the scientific community
has rallied mightily to produce
both testing methods and vaccines. Over 1.5 billion Covid tests
have been administered in just the
United States, United Kingdom,
and India alone. Both the common
polymerase chain reaction (PCR)
and the antigen tests rely on longestablished technologies. Here, we
explore how spectroscopy might
play a part in next-generation
Covid and pathogen testing.
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t is hard to underestimate the
global dislocations caused over the
previous two years by the Covid-19
pandemic. Since its discovery during
the initial outbreak in Wuhan, China,
it has spread throughout the world,
infecting more than 250 million people
and causing more than 5 million global
deaths. Thanks to the rapid response of
the global scientific community, over 8
billion vaccine doses have been administered as of early December 2021.
Given its transmissibility, animal reservoirs, and the impossibility of vaccinating the entire human population, it
seems highly likely that Covid-19 will become endemic. At the same time, current testing methods have substantial
drawbacks. Although reverse transcription polymerase chain reaction (RT-PCR)
tests are currently the gold standard for
testing, there is a long period of incubation for Covid, and the RT-PCR test has a
substantial false negative rate depending on the timing of the testing with respect to the peak infectiousness of an
individual. As an example, a recent study
published in The Lancet Microbe showed
that in one super-spreader event, 36% of
148 infected close contacts tested with
an RT-PCR test were initially missed (1),
which coheres with the RT-PCR true positivity rates for nasal swabs of 63% ob-

served in a study by Wang and others,
where they also found higher true positivity rates (72%) for sputum samples (2).
This study suggests that other more
rapid and accurate methods of testing
may find traction in the coming years.
Such methods should be easier to administer, such as the rapid antigen tests
or lateral flow tests, and should also
improve on the accuracy of the RT-PCR
test. Substantial work is underway to
apply optical methods that could meet
these criteria. Efforts are concentrated in
surface-enhanced Raman spectroscopy
(SERS) and attenuated total reflection
Fourier transform infrared spectroscopy
(ATR-FT-IR). We briefly review progress of
both methods in this article.
Surface-Enhanced
Raman Spectroscopy (SERS)
In traditional Raman spectroscopy, the efficiency of the Raman effect is quite small;
it is often cited that only one in a million of
the incident photons scatters with a Raman
shift, which creates quite a challenge for
sensitive detection. In SERS, the presence
of a localized surface plasmon on particular
conducting surfaces, such as gold or silver
nanoparticles, enhances the Raman effect.
With SERS, Raman scattering intensity can
be increased by a factor of 1010 or more,
resulting in single-molecule detection.
www.spectroscopyonline.com
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Recently published results indicate that reagent-free SERS
on saliva samples has promise. For example, a team of Italian
researchers tested approximately 90 subjects that were divided
as equally as possible between Covid-positive, Covid-negative,
and control subjects. Saliva samples were collected and centrifuged (to remove food debris), then 3 µL of the saliva samples
were deposited on a glass slide covered in commercially available aluminum foil to promote the SERS effect. A Horiba Raman
microscope was used with a 785 nm laser to collect the SERS
spectra. The averaged spectra from the control, Covid-positive,
and Covid-negative subjects are shown in Figure 1. When spectra were analyzed using a multivariate chemometric model and
a convolutional neural network, the method could distinguish
between the three types of subjects with 84% sensitivity and
could detect Covid-positive subjects 92% of the time (3). One
disadvantage of this study was that it was conducted on an older
population with a large number of patients who were critically
ill and who, upon imaging, exhibited symptoms of pneumonia.
A follow-up study by a team of Canadian researchers took
a wider cohort of the population. Their population sample
size consisted of males and females between 10 and 61 years
old who volunteered to donate samples at a Covid-19 testing
clinic. This cohort included asymptomatic volunteers as well
as volunteers with and without respiratory symptoms. Similar
to the Italian study, the researchers used a Renishaw Raman
microscope with the excitation set at 785 nm, and with similar sample preparation. The spectra were then fed through
a machine learning pipeline for discrimination. This study
could detect Covid-positive males with 79% sensitivity and
75% specificity, and Covid-positive females with 84% sensitivity and 64% specificity (4).
Both of these studies seem to indicate comparable or better
performance than the gold-standard RT-PCR tests, possibly without the uncomfortable nasal swab as well. Numerous other research groups are working in this area—for example, Miguel José
Yacamán’s group at Northern Arizona University and Andrea Tao’s
group at University of California San Diego. Several companies
are working on clinical trials and preclinical trials, including Botanisol Analytics from Phoenix, Arizona, in cooperation with Ocean
Insight, and GreenTropism from Paris, France, in cooperation with
Horiba France SAS. The combination of a lateral flow immunoassay (which has limited sensitivity) with SERS has been suggested
as a modality to optimize rapid point-of-care Covid detection (5).
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FIGURE 1: Differences in control (black) Covid-positive
(red), and Covid-negative (green) SERS spectra of saliva,
from reference (3). Shared under Creative Commons Attribution 4.0 International License.

the range of 600–4500 cm-1 are then processed using a variety
of machine learning techniques. The authors note that none
of the features in the spectra could be directly attributed to
Covid status. A subset of carbon- and phosphorous-related
features were used to separate positives and negatives.

Attenuated Total Reflection Fourier
Transform Infrared Spectroscopy (ATR-FT-IR)
Given the success of Raman spectroscopy methods for Covid19 detection, it is natural to think that FT-IR spectroscopy may
also find success in determining an individual’s Covid status.
Recently, Kitane and others (6) investigated this possibility,
using RNA extracted from nasopharyngeal samples. In their
study, Kitane and others took 3 µL of extract that was directly
scanned with a Jasco 4600 ATR-FT-IR spectrometer using a
single-reflection ATR. Spectra collected at 2 cm-1 resolution in
www.spectroscopyonline.com
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The results of the study, conducted on 280 samples (100
Covid-positive, 180 Covid-negative) of mostly asymptomatic
males and females between the ages of 11 and 67 years old
indicate that ATR-FT-IR has an estimated 98% accuracy, 97%
sensitivity, and 98% specificity. These statistics are similar to
clustered regularly interspaced short palindromic repeats
(CRISPR)-based statistics. The authors suggest that the total
analysis time could be as little as 1 to 1.5 min. The limit of detection of 10 RNA copies per milliliter is also competitive with
CRISPR and the low-end of RT-PCR detection limits.
Other Optical Methods
There are a number of other optical methods for Covid detection that are not potentially as fast as SERS and ATR-FT-IR,
but may be useful because of their specificity. For example,
a tagged aptamer (short single-strand RNA or DNA sequence)
can bind to specific proteins, such as the spike protein on
Covid-19. The aptamer can then be detected using a number of
methods, such as bilayer interferometry, plasmon resonance, or
SERS (7). Similarly, particular nanoparticles can be conjugated
to Covid-19 antibodies. Optical detection of the particles once
they have attached to the Covid virus is then possible. Likewise,
fluorescence of probe molecules or tip-enhanced Raman spectroscopy (TERS) have shown high specificity and low detection
limits. Unfortunately, none of these methods have been made

rapid enough to potentially qualify as a point-of-care diagnostics, as sample preparation and measurement times are
typically measured in hours.
Conclusions
Both SERS and ATR-FT-IR have substantial potential as nextgeneration Covid-19 detection methods. Key attributes include high accuracy, sensitivity, and specificity, combined
with speed and ease of use. As the Covid-19 virus becomes
increasingly endemic, we should hope that our Covid-19 testing methods become both less intrusive and more accurate.
Collecting saliva samples is much easier and more comfortable than nasal swabbing, for example. Even the RT-PCR gold
standard has a non-negligible error rate at present.
If these optical methods provide the speed and accuracy
in the field that has been shown in the laboratory, expect
to see rapid adoption of SERS and ATR-FT-IR Covid test
protocols in point-of-care situations as favorable clinical
trial data are released. Furthermore, the machine learning
algorithms employed will continue to evolve and improve
with additional testing data, and the possibility exists to detect new Covid variants as well. Efforts within the photonics community toward Covid detection are well-placed, and
the evolution of these methods over a short amount of time
represents a great achievement!
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Multiscale Convolutional Neural
Network of Raman Spectra of Human
Serum for Hepatitis B Disease Diagnosis
Junlong Cheng, Long Yu, Shengwei Tian, Xiaoyi Lv, and Zhaoxia Zhang

In this study, we proposed a multiscale
convolutional neural network (MsCNN)
that can screen the Raman spectra of
the hepatitis B (HB) serum rapidly
without baseline correction. First, the
Raman spectra were measured in the
serums of 435 patients diagnosed
with a HB virus (HBV) infection and
499 patients with non-HBV infections.
The analysis showed that the Raman
spectra of the serums were significantly different in the range of 400–
3000 cm -1 between HB patients and
non-HB patients. Then, the MsCNN
model was used to extract the nonlinear features from coarse to fine
in the Raman spectrum. Finally, extracted fine-grained features were
placed into the fully connected layer
for classification. The results demonstrated that the accuracy, sensitivity,
and specificity of the MsCNN model
are 97.86%, 98.94%, and 96.79%, respectively, without baseline correction.
Compared to the traditional machine
learning method, the model achieved
the highest classification accuracy on
the HB data set. Therefore, multiscale
convolutional neural network provides
an effective technical means for Raman
spectroscopy of the HBV serum.
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epatitis B (HB) is caused by infection with the HB virus (HBV),
a kind of infec tious disease
dominated by liver inflammatory lesions. There are approximately two
billion people infected with HBV in the
world. Every year, more than one million
people die of hepatic failure, cirrhosis,
and hepatocellular carcinoma because
of HBV infection. The incidence of HB is
higher in China, and the infection rate
is more than 7% (1). Therefore, we adopted the measures of “early detection,
diagnosis, and treatment,” because it is
the only way to improve the survival rate
for HB patients.
Raman spectroscopy is a noninvasive sensitive optical analysis technique
based on inelastic scattering. It also
provides more molecular structure and
specific fingerprint type information.
It has been widely used in diagnosing the dengue fever (2), nasopharyngeal carcinoma (3), prostate cancer (4),
and gastric cancer (5). Almost all types of
diseases, such as cancer and infectious
diseases, occur at the molecular level
(6). The characteristic peak position and
intensity change of Raman spectroscopy
provide a basis for diagnosing diseases.
Although traditional machine learning
methods have been proven to be the
main method for extracting feature infor-

mation from Raman spectroscopy data
sets in real-time, these methods require
pre-processing of the data. The machine
learning classification system based on
Raman spectroscopy includes the following sequential preprocessing: removal of
cosmic ray interference (7), smoothing,
baseline correction, and using principal
component analysis (PCA) to reduce the
dimensionality of data (8).
The main component of the Raman
spectrum background signal is caused
by fluorescence, which is several orders
of magnitude stronger than the actual
Raman scattering (9) and resulting in
inaccurate Raman data, which has a
severe impact on the classification performance of machine learning. Though
many scholars have achieved excellent
results in this area, baseline correction
remains challenging. Until now, scholars
from all over the world have proposed
many methods to resolve baseline correction issues, such as the polynomial
baseline model (10) and simulationbased methods (11). Leon-Bejarano
and others (12) proposed applying the
empirical mode decomposition (EMD)
method in baseline correction. Lieber
and others (10) presented a modified
least-squares polynomial curve fitting
for fluorescence subtraction, which was
shown to be effective. Zhang and others
www.spectroscopyonline.com
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FIGURE 1: (a) and (b) respectively show the structure of the original residual
block and the modified residual block. For blocks with strides, the original
residual block uses a convolution operation with a stride of two to align the
output shape. The Mresblock uses stride operations in each block.
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FIGURE 2: Multiscale convolutional neural network architecture. The input to
the original spectrum is in the form of a pyramid and each scale is trained.
At the time of testing, the raw spectrum size was entered.
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FIGURE 3: Normalized average spectra and difference spectrum (black) of
samples from hepatitis B patients (red) and non-hepatitis B patients (green).

(13) proposed a variant of penalized least
squares, called the adaptive iteratively reweighted penalized least squares (AirPLS)
algorithm. It iteratively adapts weights
controlling the residual between the estimated baseline and the original signal.
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Before we lucubrate, we should compare the application of the machine
learning algorithm in Raman spectroscopy. Support vector machine (SVM)
learning has been widely used in the
two-class problem of Raman spectros-

copy and a large part of it is related to
medical applications. In this context,
SVM outperforms linear discriminant
analysis (LDA) and K-nearest neighbor
classification (KNN) in the diagnosis of
high renin hypertension (14). Although
SVM excels in classification accuracy,
training a nonlinear SVM is not feasible for large-scale problems involving thousands of classes. Random forest (RF) (15) is a viable alternative to
high-dimensional data SVM. RF is an
integrated learning method based on
multidecision trees, which avoids overdelivering models to training sets.
In the decade before the deep learning
technique become prevalent, it was essential in the field of machine learning.
However, compared with PCA-LDA and
PCA-SVM (16), RF does not perform well
in the classification of white blood cell
subtype Raman spectra. The closest approach to convolutional neural networks
is a fully connected artificial neural network (ANN). The sensitivity and specificity of ANN in Alzheimer’s disease identification is more than 95% (17). Unlike
convolutional neural networks (CNN),
ANN is a shallow architecture that does
not have enough capacity to solve
large-scale problems. Maquel and others (18) determined the primary grouping of data before conducting multilayer artificial neural network analysis.
However, Yan and others (19) used the
convolutional neural network to share
convolution kernels and easily process
high-dimensional data and identified
the sensitivity and specificity of tongue
squamous cell carcinoma reaching 99.07
and 95.37%. Wang and others (20) combined serum Raman spectroscopy technology and long-short-term memory
neural network (LSTM) to quickly screen
HB patients with an accuracy rate of
97.32%, but the author did not consider
the impact of baseline correction on the
classification of machine learning model
and deep learning model.
One disadvantage associated with
traditional machine learning methods
such as SVM, LDA, and RF is that they
all require baseline corrections for
Raman spectroscopy and are not easwww.spectroscopyonline.com
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large number of classes. Because deep
learning techniques have had enormous
success in computer vision, natural language processing, and bioinformatics
in recent years, we proposed a network
architecture for one-dimensional spectral data classification. Different from
current machine learning methods,
MsCNN combines pre-processing,
feature extraction, and classification
into a single architecture. Another important note regarding MsCNN is that it
also removes the steps of baseline correction and smoothing.
Materials and Methods
Preparation of Serum Samples and
Determination of Raman Spectroscopy
In this study, 435 HB patients and 499
non-HB patients from the First Affiliated
Hospital of Xinjiang Medical University were included in the study group.
Then, 5 mL of peripheral blood samples
were collected from each subject to the
blood collection tube without any anticoagulant. After the blood was fully
clotting, the blood samples were centrifuged at 3000 r/min (1730 g) for 10 min
to remove blood corpuscle, fibrinogen,
and other components to obtain serum.
We used a laser Raman spectrometer to generate laser light at 532 nm.
The spectrum was recorded in the
Raman shift range of 400–3000 cm-1, the
spectral resolution was 5 cm-1, and the
recording time was 1.0 s. The LabSpec6
software package of Horiba Scientific
was used to analyze the Raman spectrum data sets.
All of the above samples were from
the First Affiliated Hospital of Xinjiang
Medical University. With the approval of
the Ethics Committee, the human serum
samples were studied.
Multiscale CNN Model
In this paper, we used the modified
residual network structure (21) as the
building block of the multiscale convolutional neural network model. The original and our modified building blocks are
shown in Figure 1. The modified building blocks are marked as Mresblock. We
www.spectroscopyonline.com

TABLE I: Multiscale ablation experiments
Multiscale
(51,51,51)
(51,25)
(51,25,12)
(51,25,12,6)

Mresblock
{5,5,5}

Accuracy

Sensitivity

Specificity

95.15%

95.42%

95.92%

{5,4}

96.11%

95.37%

95.79%

{5,4,3}

97.86%

98.94%

96.79%

{5,4,3,2}

97.57%

97.44%

96.82%

found that after the quick connection
of the original remaining components,
removing the modified linear unit and
adding the Max-pool unit can improve
the convergence speed during training.
To preserve the fine-level information
and simultaneously mine the coarse and
intermediate information, the input and
output of the network are in the form
of a Gaussian pyramid. Compared with
the common architecture, the residual
network structure can be used to implement a deeper CNN. Because of
the addition of the Max-pool unit, the
size of the feature map will become half
the size of the previous feature map

after each Mresblock block is stacked.
Therefore, the number of Mresblocks
for each scale stack is different, and the
number of layers stacked from top to
bottom is {5, 4, 3}, and the total number
of convolutions of the model is 42. At
the front end of the network are three
convolutional layers of different sizes
(51 × 1, 25 × 1, and 12 × 1), respectively,
generating 64 feature maps, and extracting spectral features of different
input scales by stacking Mresblock.
In addition, the information from the
coarsest level output will be passed to
the next stage, learning more detailed
features, using up-convolution to learn
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The fully connected layer follows
the convolutional layer, and finally, the
number of outputs from the Softmax
layer is equal to the number of classes
considered. In the fully connected layer,
we use ReLU as the activation function.
Softmax is a compression function.
It can compress a K-dimensional vector
z containing any real number into another K-dimensional real vector so that
the range of each element is between
[0, 1], and the sum of all elements is 1.
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FIGURE 4: Examples of successful and unsuccessful classification. In the figure, the green (a) and red (b) spectra in the first row represent the predicted
spectra of non-HB patients and HB patients, respectively. The second and
third rows are the corresponding category spectra that were incorrectly predicted. The prediction score is also shown in each figure, reflecting the confidence of the prediction.

the appropriate features helps to
remove redundant information
(22). Then, the extrac ted dif ferent
sc ale feature s are feature -f used,
and the bes t features learned by
each scale are retained. Finally, the
classification results are obtained
through the fully connec ted layer
and the classification layer. Figure 2
shows the graphical description of
the network.
Multiscale CNN for Raman
Spectral Data Classification
The input of MsCNN in Raman spect r al c la s si f ic a t io n i s o n e - d im e n sional, and the convolution layer is
represented as follows:

y =f
i

(∑k*x +b )
i

i

[1]

i

Where x i and y i represent the input–
output mapping; k is the convolution kernel, the size of the convolution kernel in Mresblock is 3×1; “*” is
the convolution operation; and b i is
the offset.
We use the ac tivation func tion
ReLU (23), which is defined as:

Loss Function
The coarse-to-fine approach desires
that every intermediate output becomes
the feature map of the corresponding scale. Therefore, the intermediate
output of our training network should
form the form of a Gaussian pyramid.
The MSE standard applies to every level
of the pyramid. The loss function is defined as follows:

L= 1n ∑ ni=1 ( y n-p n) 2

[5]

[3]

Here n is the batch size, yn is the training data tag, and pn is the result of the
output layer.
The training of the MsCNN was performed using the Adam algorithm, which
is a variant of stochastic gradient descent,
for 100 epochs with learning rate equal
to 1e-3, β1 = 0.9, β2 = 0.999, and ε = 1e-8.
The layers were initialized from a Gaussian
distribution with a zero mean and variance
equal to 0.05. The training was performed
on a single Nvidia RTX-2070 GPU.

Among them, xji and yi represent the
input and output of the pooling layer,
and m is the largest pooling size.

Evaluation Protocol
We tested the MsCNN model on the
Raman spectroscopy data set of HB

{

x, if x>0
f(x) = 0, otherwise

[2]

Max-pooling is a further operation of
spectral data, which can reduce program parameters and retain important
features.

y i = max (xji )
0≤j≤m

TABLE II: Test performance of the compared machine learning methods on the baseline corrected data set
Model

CNN

94.65%

94.25%

98.00%

96.32%
94.74%

RF

Accuracy

78.07%

91.98%

87.70%

Sensitivity

84.38%

97.12%

88.78%

Specificity

71.43%

85.54%

86.52%

90.80%
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LDA

SVM
(linear)

KNN (k = 7)

ANN

ResNet
(32)

MsCNN

94.79%

96.31%

96.79%

91.88%

94.55%

96.81%

95.07%

95.12%

96.77%
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TABLE III: Test performance of the compared machine learning methods on the original data set
Model

KNN (k = 7)

RF

LDA

ANN

SVM
(linear)

CNN

ResNet
(32)

MsCNN

Accuracy

73.26%

87.70%

83.96%

91.18%

91.98%

96.79%

96.98%

97.86%

Sensitivity

76.84%

91.40%

85.29%

94.44%

94.39%

94.88%

97.55%

98.94%

Specificity

69.57%

84.04%

82.35%

88.66%

88.75%

95.07%

94.12%

96.79%

TABLE IV: Raman peaks assignment for the observed bands
Raman Shift (cm -1)

Peak Assignment

426

Symmetric stretching vibration of V2 PO43-

509

v(S-S) amino acid cysteine

875

Antisymmetric stretch vibration of choline
group N+(CH3)3 , Phosphatidylcholine

957

Hydroxyapatite, carotenoid, cholesterol

1003

Phenylalanine, C-C skeletal

1155

C-C stretching of proteins

1280

Amide III and CH2 wagging vibrations

1446

CH2 bending mode of proteins and lipids

1510

ring breathing modes in the DNA bases

1652

Lipid (C=C stretch)

2307

Region of the OH-NH-CH stretching vibrations

2660

Amino acid methionine

2932

CH2 asymmetric stretch

serum. First, we conduct a series of ablation experiments on the original spectral data. Then compared with many machine learning algorithms in the past for
spectral recognition. The contrast experiment was divided into two groups.
The first group was the pre-processed
spectral data, and the second group
was the original spectral data. During
the preprocessing of data, Savitzky-Golay (with nine points and 5th order polynomial fitting) (24) method was used to
smoothen the spectral data. Then adaptive iterative reweighted penalty least
squares (AirPLS) algorithm was used to
correct the baseline (13). We use principal component analysis to extract key
features of the data, retaining 99.99%
of the total variance (51 dimensions).
During model training, five-fold crossvalidation is used to evaluate the model.
The machine learning algorithms involved in the comparison included KNN,
RF, LDA, ANN, SVM, CNN, and ResNet.
The evaluation indicators of the above
algorithms included accuracy, sensitivity,
24 Spectroscopy 37(1)
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and specificity. Accuracy takes into account both positive and negative probabilities of the model, which is of high
global significance. Sensitivity is also
called a valid positive rate—the higher
sensitivity, the lower likelihood of missed
diagnosis. Specificity is also called exact
negative rate—the higher specificity,
the higher probability of confirmed diagnosis. The proposed MsCNN was
applied using Keras (25) and Tensorflow
(26). All other machine learning methods
are implemented using Scikit-learn (27).
Results and Analysis
Raman Spectroscopy
Figure 3 shows the mean spectra and
difference spectrum after baseline correction of serum from HBV patients’
samples and non-HBV patients’ samples in
the range of 400 cm-1 to 3000 cm-1. It demonstrates that the mean spectra of HBV
and non-HBV samples are almost identical in structure, with only minor changes
in the intensity of some Raman bands that
can’t be detected by naked eyes. Direct

visual interpretation can very likely result in
misdiagnosis. There is an urgent need for
a method to distinguish the lesion sample
from the standard sample accurately.
Raman peaks at 426, 509, 875, 957,
1003, 1155, 1280, 1446, 1510, 1652, 2307,
2660, and 2932 cm-1 can be observed in
both groups, with the most energetic
intensities at 1003, 1155, 1510, and 2932
cm-1. These intensity differences in the
Raman spectra can be viewed more
clearly at the bottom of Figure 3 that
means, there is excellent potential for
identifying HBV patients and healthy
person using Raman spectra of serum.
Multiscale Ablation Experiments
We conducted a series of ablation
experiments on the original data set.
These data retained 99.99% of the total
variance (51 dimensions) through principal component analysis. The first scale is
51 dimensions, and the remaining scale
is 1/2 of the previous scale. Specific experimental results are shown in Table I.
As can be seen from Table I, when
using two different scales (line 2 of Table
I) to classify the primitive data, the performance is better than the model using
the same scale, and its accuracy, sensitivity, and specificity are 96.11%, 95.37%,
and 95.79%, respectively. In addition, in
the experimental comparison of different scales, the overall results of the
MsCNN model using three scales are
superior to other scales. Therefore, we
ended up using three different scales
of MsCNN as the model in this paper.
Baseline Correction
Spectral Classification
We evaluated our MsCNN method on
a HB data set. These spectra had been
baseline corrected, and cosmic rays had
been removed too. Then, we followed
the pre-processing techniques and
www.spectroscopyonline.com
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evaluation criteria described in Section
2.5. The experimental results are shown
in Table II.
It can be seen from Table II that the
KNN model has the worst classification effect, with an accuracy rate of
only 78.07%. The ANN model has the
highest sensitivity (98.00%), but as the
number of neurons increased during
the training process, the slower the
training speed and the lower the efficiency. ResNet uses its deeper network structure to mine more information, and the accuracy is up to 96.31%,
which is 1.52% higher than the ordinary
CNN model. As one of the most commonly used machine learning classification models, SVM has an accuracy rate
of 94.25%, which is 2.27% and 6.55%
higher than the accuracy of the RF and
LDA models, respectively. In addition,
the use of deep learning methods to
identify baseline-corrected spectra is
better than previous machine learning
methods. The accuracy of the MsCNN
model is the highest among all models (96.79%), which demonstrates the
effectiveness of the improved Mresblock module in this article. And it
proves that the deep learning method
has great potential in extracting Raman
spectral feature information at the
same time.
To understand the MsCNN model
better, we also studied the model prediction, especially those were not consistent with the correct labels. Figure
4 shows the spectra of the HB patient
(shown in red) and the non-HB patient
(shown in green) that have the most accurate model predictions. It also shows
the spectra with wrong predictions.
We found that the processed data has
a highly similar spectral structure. By
observing the two correctly classified
spectra, we saw that the Raman peak
of HB patient is much higher in value
than non-HB patient. Performing similarity analysis from the peak, MsCNN
model may classify HB patient in group
B as non-HB patient. Because of the
predicted spectrum, B has a high peak
similarity to the correctly classified
spectrum in A. These plots demonwww.spectroscopyonline.com

strate that the MsCNN can match the
peaks characteristic of a particular species even when the prediction did not
agree with the correct label.
Classification of Primitive Spectra
The results show that MsCNN is able
to achieve significantly better accuracy
compared to other conventional machine learning methods on the baseline
corrected spectra. In this section, we

explored the performance of MsCNN
on data without baseline processing.
Before the experiment, except for RF,
only 99.99% of the total variance of PCA
had been used to reduce the data dimension, because we found that PCA
reduces the performance of RF. The
experimental results are shown in
Table III.
As can be seen from Table III, the
deep learning method has a great ad-
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vantage in processing the original
high-dimensional data. Analyzing and
contrasting the results in the “Multiscale Ablation Experiments” section
and the experimental results in this
section, we can observe that baseline
correction significantly improves the
performance of all the conventional
methods by 4–5%. That is because
the baseline correction removes the
ef fec ts of signal compression and
other noise from natural bioluminescent vectors. On the other hand, the
performance of MsCNN drops by approximately 0.5–2% when combined
with baseline correc tion methods.
This result may indicate that MsCNN
can learn the technique of dealing with
baseline interference more effectively
than the baseline correction method
and retain more identification information. The use of coarse-to-fine methods for training in multi-scale spaces is
better suited for Raman spectroscopy.
Discussion
Here, we reported the application of
the Raman spectrum of serum combined with multiscale CNN methods
for HB patients screening. Through the
analysis of the mean spectrum of HBV
infection and non-HBV infection groups,
we found that peak changes in Raman
spectra of serum may be related to
many vibrational modes of various biomolecules such as lipids, proteins, and
nucleic acid molecules. Table IV lists
tentative assignments for the dominant
spectral bands according to the previous literature (28).
For some peaks, such as 509, 957,
1003, 1155, 1510, and 2660 cm-1, the intensities of the pathological samples are
higher than the standard samples. An
increase in the intensity of Raman peak
at 509 cm-1 is because of cysteine. Cysteine is a sulfur-containing amino acid.
If its value is too high, it may cause abnormal liver function, resulting in severe
functional disorders such as hepatocyte
synthesis and metabolism. When liver
cell damage is mild, the healthy metabolic function of the liver cell will not
cause the change of cysteine level (29).
26 Spectroscopy 37(1)
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Raman peak at 2660 cm-1 is assigned for
amino acid methionine, in the literature
(30), the researchers found that plasma
fragrant amino acids and methionine
levels were significantly elevated in patients with liver disease. Raman peak
at 957 cm -1 is because of cholesterol.
High cholesterol content will further
damage the liver of HB patients, increases the burden on the liver, causes
fat metabolism disorder, and affects the
digestive function of HB patients, this is
consistent with the conclusion that the
serum cholesterol levels of patients with
coronary heart disease and liver disease
are relatively elevated in the literature
(31). Raman peak at 1510 cm-1 is mainly
because of the ring breathing mode
of DNA bases (28). The Raman peak of
Phenylalanine in serum albumin is 1003
cm-1. An elevated level of Phenylalanine
is most likely because of dysfunction of
the liver in HBV infected patients (32,33).
Increases in these intensities of Raman
peaks indicate the augment of albumin
concentration in the blood of HBV infected person. The peak at 1155 cm -1
belongs to the vibration of carotenoids
(34). It can be seen from Figure 3 that
the carotenoid content in the blood of
patients with HB is much higher than
that in non-HB patients. Carotenoids
are an antioxidant that plays an important role in protecting cells and organisms from free radicals (ROS) and reactive nitrogen (RNS) free radicals. Li and
others (35) showed that the application
of antioxidants is a reasonable treatment strategy for the prevention and
treatment of liver diseases. Therefore,
the content of carotenoids in patients
with HB is much higher than that in patients with non-HB. It may be to relieve
liver cirrhosis and even liver cancer in
patients with HB.
In contrast to the above, Raman bands
875, 1280, 1446, 1652, and 2932 cm-1, decreased intensities, have been observed
for the diseased sample. A peak at 875
cm-1 is because of antisymmetric stretch
vibration of choline group N+(CH3 )3 .
Phosphatidylcholine has the effect of repairing an alcoholic liver injury, fatty liver,
and preventing cirrhosis (36). Non-HBV

patients have a slightly higher peak at
875 cm-1 than HBV patients, probably because phosphatidylcholine metabolism is
relatively active in non-HBV (37). Likewise,
the intensity of Raman peak assigned to
lipids owning to the C=C stretch (28) also
decreased at 1652 cm-1. Raman peaks at
1280 cm-1 and 2933 cm-1 are because of
C-H stretching and assigned for amide
III. A decrease in the peak intensity at
1280 and 2933 cm -1 shows decrease
concentration of β-sheet in HBV infected
patients, which is in agreement with the
existing literature that reported that a
decrease in beta structure compared
to the helical structure in the amide III
region is an indication of interferon secretion by lymphocytes as an immune
response against HBV infections (38).
Conclusion
In this study, we proposed a Raman
spectral classification method, which
not only has an excellent performance
but also avoids baseline preprocessing, for MsCNN. Our approach has
been validated on the HB data set
and has proven to be largely superior
to other traditional machine learning
methods. Although we focused our
study on Raman data of HB serum, we
believe the technique is also applicable to Raman spectroscopy of serum
for other diseases. We speculate that
Raman spectroscopy of serum has similarities, and fine-tuning our network
can make it very practical to classify
new problems. This process is called
migration learning, which has been
widely used in image recognition and
natural language processing.
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Deep Learning Classification of Grassland
Desertification in China via Low-Altitude
UAV Hyperspectral Remote Sensing
Yanbin Zhang, Jianmin Du, Weiqiang Pi, Xinchao Gao, and Yuan Wang

Efficiency and accuracy are major
bottlenecks in conducting ecological
surveys and acquiring statistical data
concerning grassland desertification.
Traditional manual ground-based surveys are inefficient, and aerospacebased remote sensing surveys are
limited by low spatial resolution and accuracy. In this study, we propose a lowaltitude unmanned aerial vehicle (UAV)
hyperspectral visible near-infrared (visNIR) remote sensing hardware platform,
which combines efficiency and accuracy
for high-precision remote sensingbased ecological surveys and statistical
data collection on grassland desertification. We use the classical deep learning network models VGG and ResNet
and their corresponding improved 3D
convolutional kernels: 3D-VGG and 3DResNet, respectively, to classify the collected data into features. The results
show that the two classical models
yield good results for vegetation and
bare soil in desertified grasslands, and
the 3D models yield superior classification results for small sample features.
Our results can serve as benchmarks for
hardware integration and data analysis
for remote sensing-based grassland desertification research and lay the foundation for further finer classifications
and more accurate statistics of features.
28 Spectroscopy 37(1)
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D

esertification is a major global
environmental problem directly affecting approximately a quarter of
the global population, with an estimated
total of 10 million hectares of arable land
being lost to desertification annually (1).
According to the results of the fifth national monitoring of desertification and
sandy land conducted in 2019, China’s
desertified land area had reached 261
million hectares, accounting for 27.1% of
the country’s total land area. Of that 261
million, 61 million hectares, or 23.3% of the
desertified land area, lies in Inner Mongolia, which has the highest proportion in
the country (2,3). This region serves as an
important ecological security barrier and a
major base for traditional livestock farming
in the northern part of China. Thus, desertification in Inner Mongolia poses a serious
threat to the local ecological environment,
economic development, and safety of life
(4,5). Grassland ecosystems have a simple
community structure and are the most
desertification-prone landscape type, with
nearly 98.5% of desertified land in Inner
Mongolia resulting from retrograde succession in grassland ecosystems (6).
Desertification of grasslands varies
based on the structure of the vegetation
community, the reduction of number of
vegetation species, soil and wind erosion, salinization, and the bare land area.

The vegetation community and soil are important monitoring indicators of desertification, and high-precision monitoring
and statistics of both factors are crucial to
grassland desertification research. Moreover, these parameters serve as important
bases for hierarchical governance of grassland desertification (7,8). Traditional manual
field surveys require significant human and
material resources, cover limited areas,
and are inefficient and time-consuming.
Furthermore, the monitoring accuracy is
affected as real-time and large-area monitoring is not possible in manual surveys (9).
With the development of aerospace remote sensing technologies over the past
60 years, the use of satellites, aircraft, and
other spacecraft carrying optical sensors
has yielded remote sensing data with wide
spectral bands and large spatial scales.
These data are widely used in the fields
of hydrology, meteorology, forestry, and
natural disaster monitoring (10–13). In agriculture, remote sensing data are mainly
useful for growth monitoring and yield estimation (19,20) of large fields of crops with
relatively regular planting blocks such as
wheat (14), maize (15), rice (16), cotton (17),
and sorghum (18). However, aerospace
remote sensing is limited by insufficient
spatial resolution, and the characteristics
of grassland vegetation, such as small
vegetation and irregular plantation blocks
www.spectroscopyonline.com
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FIGURE 1: Image of UAV hyperspectral remote sensing
system in flight.
TABLE I: Types and weights of the components of the
UAV hyperspectral remote sensing system. (b represents weight with batteries included.)
Instrument

Type

Weight (kg)

Hyperspectral Imager

Gaiasky-mini-VN

1.2

UAV

Matrice 600 Pro

10 (b)

Camera stabilizers
Flight computer

Ronin-MX

2.35 (b)

i7 processor,
512 GB SSD

0.5

-

14.05

Total weight

affect the results. Thus, low-altitude remote sensing platforms
with higher spatial resolution and scale are desired for studies
on grassland desertification.
Unmanned aerial vehicles (UAVs) have attracted significant
attention as aerial remote sensing platforms owing to their
advantages, such as speed, mobility, and cost-effectiveness.
Moreover, advanced sensor technologies, such as low-weight
high-definition digital cameras (21,22) and spectrometers
(23,24) in low-altitude UAVs enhance the spatial scale and resolution of remote sensing data enabling better performance of
models used in shrub grassland recognition (25), plant diseases
and insect pests of fruit trees monitoring (26), forest species
identification (27) and in other fields. Combining a high-definition hyperspectral image digital camera with a spectrometer can provide more information from richer regions of the
spectrum, higher spectral resolution, and enhanced classification of smaller features. Hyperspectral remote sensing has
been used previously in UAVs to monitor diseases and pests
of fruit trees, in livestock monitoring (28), soybean (29), and leaf
area index inversion of wheat (30), yielding improved results.
However, because of the heavy mass of the hyperspectral imager and the positive correlation between the imaging quality and the spectrometer weight, higher requirements are put
forward for the load capacity and stability of UAV.
In this study, we used a high spectral resolution hyperspectral
imager in combination with a low-altitude drone to realize a hy30 Spectroscopy 37(1)
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perspectral remote sensing system with high spatial resolution,
flexibility, and efficiency to monitor grassland desertification.
Real-time monitoring and high precision statistics provided a
hardware foundation. We acquired hyperspectral remote sensing images of desertified steppes in the experimental area using
the UAV hyperspectral remote sensing system and performed
data preprocessing and band selection. Two classical deep learning models and their improved convolution kernel models were
used to classify the vegetation, soil, and other fine features in
the hyperspectral remote sensing images. Thus, we realized a
complete process from data acquisition to data analysis of desertification of steppes using the hyperspectral remote sensing
system, which is a promising hardware and software platform for
high precision statistics for use in the inversion of steppe desertification. Our results will aid in improving remote sensing surveys
and classification concerning grassland desertification.
Materials and Methods
Construction of the UAV
Hyperspectral Remote Sensing System
The UAV hyperspectral remote sensing system is comprised of a
six-rotor UAV, a hyperspectral imager, a camera stabilizer, a flight
computer, and other instruments (Figure 1).
We used the Gaiasky-mini-VN hyperspectrometer developed
by Dualix Spectral Imaging Co., Ltd. This spectrometer is capable
of acquiring spectra in the 400–1000 nm range with a spectral
resolution of 2.4 nm, 256 bands, and 1392 x 1040 pixels in full frame.
The scanning method is hovering and built-in scanning, using a
Sony ICX285 lens with a focal length of 17 mm, 33° field of view,
and 1.2 kg weight.
The six-rotor UAV is a Matrice 600 Pro from SZ DJI Technology
Co., Ltd., with a professional-grade A3 Pro flight control system,
three sets of IMUs, and a high-precision D-RTK GNSS module with
a maximum diameter of 1668 mm, an approved maximum take-off
weight of 15.5 kg, and a full flight endurance of 18 min. To stabilize
the high-precision spectrometers, we used the Ronin-mx camera
stabilizer, assessing the stabilizing angle as 0.02° for a maximum
load weight of 4.5 kg. The onboard computer was equipped with
a I7-7567U CPU and a 512 GB solid state disk. The total weight
of the UAV hyperspectral remote sensing system was 14.05 kg,
and the weight of each part is shown in Table I.
Overview of the Study Area
The experimental area, Gegen Tara Grassland (41°75’36 “N,
111°86’48 “E), is located in Siziwang Banner in the central part of
the Inner Mongolia Autonomous Region. It is a combined agricultural (18.3%) and pastoral area (81.7%), with animal husbandry
as the dominant industry. The altitude in this area varies between
1200–2200 m, with sparse rivers and annual precipitation of 260
mm in 2019. Water resources are scarce (31), summer sunshine is
abundant and hot. The remaining three seasons are windy, with an
average annual wind speed of 4.6 m/s. The soil type is light chestnut calcium, which shows high wind erosion, high sand content,
and low organic matter content (32). The vegetation is sparse and
www.spectroscopyonline.com
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Data Collection
In this study, the UAV hovering method was used to collect hyperspectral remote sensing images of objects in the experimental area. The net weight of the UAV hyperspectral remote sensing
system was 14.05 kg, safe endurance time 20 min, spectral range
400–1000 nm, frame size 1392 x 1040 pixels, number of spectral
channels 256, flight height of the UAV 30 m, and spectral–spatial resolution was 2.6 cm/pixel. To ensure the quality of acquisition, two hyperspectral remote sensing images were acquired
at each hovering point, with a single image acquisition time of
7 s, including the flight time between the hovering points. Under
the condition of 50% overlap, 1.36 hm2 remote sensing images
could be collected in one sortie. As the amount of light varied
with cloud movement during the acquisition time, a standard
reference whiteboard calibration was performed before and
after each takeoff.
Data Preprocessing
Poor remote sensing images (because of light variations and
wind gusts) were removed by manual inspection, and a set of remote sensing images with the best image quality was selected.
A professional spectral software (Spectra view) was then used
to correct the reflectance and identify the features of interest.
The four spectral profiles of ground objects, vegetation, soil, shadows, and others, are shown in Figure 2.
The spectral reflectance curves of the four ground objects are
significantly different as can be seen in Figure 2. Because of the
high chlorophyll content of healthy vegetation, the spectral reflectance curve of vegetation (Figure 2, Vegetation-1, 2, and 3)
has a distinct red light absorption band between wavelengths of
660–680 nm, with a significant increase in reflectance between
the wavelengths of 680–760 nm. The spectral reflectance curves
of soil (Figure 2, Soil-1, 2, and 3) show a clear upward trend in the
visible band with a large slope and a smaller increase in the NIR
band with a lower slope than in the visible band. The spectral
reflectance curves of shadow (Figure 2, Shadow -1, 2, and 3) have
a strong absorption of visible light and therefore a low reflectance
between a wavelength of 0–760 nm and a slight increase in reflectance in the NIR bands between wavelengths 760–1000 nm.
The spectral reflectance curves of others (Figure 2, Others-1, 2,
and 3) are higher than those of the three ground objects mentioned above at wavelengths of 500–580 nm.
www.spectroscopyonline.com
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lacks variation among species, with most species showing long
and narrow leaves and well-developed root systems. The average
height of the fruiting period is less than 8 cm. The constructive species is Stipa breviflora, the dominant species is Artemisia frigida,
and the main companion species are Salsola collina, Neopallasia
pectinate, and Convolvulus ammannii (33).
Combining the climatic characteristics of the grassland and
the characteristics of the forage growing season in 2019, we collected data between the fruiting and yellowing periods, (August
24–26, 2019) between 10:00 and 14:00 when there are no breezes
(wind speed 0–3.4 m/s) and none, or less than 2%, cloud cover.
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FIGURE 2: Measured vis-NIR spectra of ground objects.

Results
Band Selection
The hyperspectral images acquired in this experiment have 256
bands, with a spectral resolution of 2.4 nm and spatial resolution
of 2.6 cm/pixel. A radiometrically corrected image occupies about
1.2 GB of storage space and includes rich spectral information
of features, thus enabling highly accurate object classification.
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TABLE II: Structures of the four deep learning models
VGG16

ResNet18

3D-VGG16

3D-ResNet18

Conv3*3-64
Conv3*3-64

Conv7*7-64

Conv3*3*3-64
Conv3*3*3-64

Conv7*7*7-64

Max pooling

Max pooling

Max pooling

Max pooling

Conv3*3-128
Conv3*3-128

Conv3*3-64
Conv3*3-64

Conv3*3*3-128
Conv3*3*3-128

Conv3*3*3-64
Conv3*3*3-64

Max pooling

Conv3*3-64
Conv3*3-64

Max pooling

Conv3*3*3-64
Conv3*3*3-64

Conv3*3-256
Conv3*3-256
Conv1*1-256

Conv3*3-128
Conv3*3-128

Conv3*3*3-256
Conv3*3*3-256
Conv1*1*1-256

Conv3*3*3-128
Conv3*3*3-128

Max pooling

Conv3*3-128
Conv3*3-128

Max pooling

Conv3*3*3-128
Conv3*3*3-128

Conv3*3-512
Conv3*3-512
Conv1*1-512

Conv3*3-256
Conv3*3-256

Conv3*3*3-512
Conv3*3*3-512
Conv1*1*1-512

Conv3*3*3-256
Conv3*3*3-256

Max pooling

Conv3*3-256
Conv3*3-256

Max pooling

Conv3*3*3-256
Conv3*3*3-256

Conv3*3-512
Conv3*3-512
Conv1*1-512

Conv3*3-512
Conv3*3-512

Conv3*3*3-512
Conv3*3*3-512
Conv1*1*1-512

Conv3*3*3-512
Conv3*3*3-512

Max pooling

Conv3*3-512
Conv3*3-512

Max pooling

Conv3*3*3-512
Conv3*3*3-512

Fc-1

-

Fc-1

Average pooling

Fc-2

Average pooling

Fc-2

Fc-3

Fc

Fc-3

Fc

TABLE III: Color coding and sample sizes
Class

Color

Training Set

Test Set

Total

Vegetation

10582

15874

26456

Soil

14348

21524

35872

Shadow

38

57

95

Others

30

47

77

24998

37502

62500

Total

As can be seen in Figure 2, vegetation, soil,
and others have small differences and high
similarities in the 740–1000 nm range. However, the region of 925–1000 nm is heavily
influenced by noise, resulting in poor data
separability. We used the Frobenius norm2
(34) (F-norm2) to reduce the dimensionality of the data, as shown in equation 1:

||X(:;:;b)||F

R C

= (∑∑|X(r,c,b)|2)
r

1
2

c

[1]

where X is a tensor, r represents the number of rows of the tensor, c represents
the number of columns of the tensor,
and b represents the dimension of the
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tensor, respectively, corresponding to
samples, lines, and bands in the hyperspectral image. The F-norm2 value corresponding to the image represents the
energy of the corresponding band. If the
value is too small, it means too little information is contained. If the value is too
large, it means serious noise interference.
After dimensional reduction, 180 bands
are retained, and the storage space of a
single image is reduced to about 0.83 GB,
which effectively improves the efficiency of
post-processing of data.
Classification of Features
With the rapid development of computer
hardware, computer vision and deep learn-

ing have advanced rapidly. Computer vision has been applied to object detection,
object localization, object detection from
video, scene classification, and other fields.
The error rate of some data sets is lower
than that of the human eye, which is remarkable. Deep learning classification methods
have also been gradually introduced to remote sensing image classification, from the
early spectral feature classification models
based on remote sensing data with fewer
dimensions to a significant increase in sensor dimensions in recent years. Classification
models with combined spectral-spatial information inspired by video sequence object detection have been gradually introduced in the analysis of high-dimensional
remote sensing data (35).
In this study, the F-norm2 is used to
reduce noise interference and the dimensionality of hyperspectral data. Based on
this, two typical deep learning models,
VGG16 (36) and ResNet18 (37), are used
and the 2D-convolution kernels of the
two classical models are replaced by 3D
convolution kernels, 3D-VGG16 and 3DResNet18 to process the hyperspectral
data in 180 bands after the F-norm2 dimensionality reduction. The structure of the
deep learning model is shown in Table II.
VGG16 consists of 13 convolutional layers (2D convolutional kernels are denoted
by Conv1*1-XXX, Conv3*3-XXX; XXX is the
number of convolutional kernels), three
fully connected layers (denoted by Fc-X),
and five pooling layers (denoted by Max
pooling). ResNet18 consists of 17 convolutional layers (denoted by conv7*7-XXX,
conv3*3-XXX; XXX being the number of
convolutional cores), one fully connected
layer (denoted by Fc), and two pooling
layers (denoted by Max pooling, Average pooling). The improved 3D-VGG16
and 3D-ResNet18 models have the same
depth as the above two models, and the
2D convolutional kernels in the convolutional layers are improved to 3D convolutional kernels (38), which are denoted
by Conv1*1*1-XXX, Conv3*3*3-XXX, and
Conv7*7*7-XXX in Table II.
To increase the processing speed, our
procedure captures a photograph and
crops it randomly to 250 rows x 250 samples x 180 bands for a total of 62,500 pixwww.spectroscopyonline.com
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els. To identify features, 40% of the labeled
samples were randomly selected as training
data and the rest as test data to match the
color of vegetation, soil, and other features.
These quantities are summarized in Table III.
Classification Results
The classification accuracy and overall
precision of the four deep learning models VGG16, ResNet18, 3D-VGG16, and
3D-ResNet18 are shown in Table III. The
accuracy values in the table are averages
obtained from five iterations of the model.
From Table IV, it can be seen that the
VGG16 model has better classification
accuracy for vegetation and soil, with classification accuracies of 97% and 97.7%,
respectively. However, it exhibits poorer
classification performance for small
samples (shadow, others), and does not
have the ability to classify others; it has an
overall classification accuracy of 96.97%.
ResNet18 also has better classification accuracy for vegetation and soil, with 95.1%
and 96.0%, respectively. Poorer classification performance is observed for small
sample features (shadow, others), and
poor separability for others, with a 26.5%
classification accuracy. The VGG16 and
ResNet18 models, which improved the 2D
convolutional kernels to 3D convolutional
kernels, not only have higher overall classification accuracy, but also significantly
improve the classification performance
for small target features. The classification
accuracy of 3D-VGG16 for vegetation and
soil improved slightly at 97.1% and 97.7%
respectively, and the classification performance for small samples (shadow, others)
improved significantly at 76.6% and 76.6%,
respectively. 3D-ResNet18 had the best
classification performance, with 97.4% and
98.0% for vegetation and soil, respectively,
and a significant improvement for small
samples (shadow, others), with 93.3% and
92.8%, respectively, and an overall accuracy of 97.33%. The classification results
obtained by the four deep learning models
are shown in Figure 3.
The following conclusions can be drawn
from Figure 3 and Table III: (1) All four models have good classification performance
for vegetation and soil in hyperspectral images. Compared with the original models,
www.spectroscopyonline.com

the classification accuracy of 3D-VGG16
and 3D-ResNet18 improved as the 3D
convolution kernels are slightly improved
(1–2%). The 3D-ResNet18 model has the
best classification accuracy. (2) The classification performance of the four models
for small samples of features (shadow, others) in hyperspectral images varied greatly.
Compared with the original model, the classification accuracy of the 3D-VGG16 and 3DResNet18 models were greatly improved.

The 3D-ResNet18 model exhibited the best
classification accuracy. (3) In terms of overall classification performance, the ResNet18
model is superior to VGG16, which is
because of the residual block structure
and a larger network depth of ResNet18.
This improves both network models to 3D
convolutional kernels, which still show the
same classification performance pattern.
The 3D convolution kernel network
models show better classification perfor-
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VGG16

ResNet18

3D-VGG16

3D-ResNet18

Vegetation

97.0

95.1

97.1

97.4

References

Soil

97.7

96.0

97.7

98.0

Shadow

(1)
(2)

Class

75.0

70.1

76.6

93.3

Others

0

26.5

76.4

92.8

Overall

96.97

95.12

96.98

97.33

mance not only for small sample features (shadow, others), but also for
various local content (vegetation, soil).
Scattered distribution in part has better classification performance. 3D convolution kernels contain a higher rank
of information than 2D convolution kernels, and as such are more capable of
extracting fine features.
Conclusions
The low-altitude UAV hyperspectral remote sensing system proposed in this
study can collect vis-NIR (400–1000 nm)
spectral information of grassland desertification features with a spectral resolution
of 2.4 nm, and a spectral channel number
of 256. The spatial resolution of the hyperspectral data is 2.6 cm/pixel at a flight
altitude of 30 m, and a single sortie of 20
min can collect 1.36 hm2 of remote sensing data. The obtained data combine rich
waveband information, high spectral resolution, high spatial resolution, and high
efficiency, which enriches the spatial scale
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of grassland desertification remote sensing research, providing a hardware-software integration approach for grassland
desertification remote sensing.
The two classical deep learning network models, VGG16 and ResNet18,
used in this experiment achieved
good classification results for vegetation and soil in remote sensing images,
while the 3D-VGG16 and 3D-ResNet18
models improved by 3D convolution kernels achieved better classification potential for fragmented parts of vegetation,
soil, and small sample features that were
difficult to identify. Our results can act as
benchmarks in the identification, classification, and inversion of fine-scale features
such as plant species in remote sensing
images of grassland desertification,
laying the foundation for holistic ecosystem studies of desertified grasslands.
Our approach is effective at a depth modeling approach to realize fine classification
of desertified grassland features based on
hyperspectral remote sensing.
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Key Steps to Create a Sample
Preparation Strategy for Inductively
Coupled Plasma (ICP) or ICP–Mass
Spectrometry (ICP-MS) Analysis
Daniel Kutscher, Jianfeng Cui, and Cristian Cojocariu

Inductively coupled plasma (ICP)
is a well-known source for atomic
s p ec troscopy, eith e r u sing o pti cal emission spectroscopy (OES) or
mass spectrometry (MS) as a detection technique. The high energy and
temperatures in an ICP (typically
between 6,000 to 8,000 °C) lead to
an efficient and complete decomposition of the sample as well as the
vaporization, excitation, and possibly ionization of atoms in their gas
phase. The high temperature of the
plasma makes this source inherently
robust and tolerant to a wide variety
of sample types (such as solutions
containing an elevated percentage
of dissolved solids, different acids,
and organic solvents). However, inadequate sample preparation , or
inappropriate configuration of the
sample introduction system, can have
negative consequences such as drift
of the analytical signal, increased
backgrounds, inadequate detection
limits, or unexpected interferences.
This tutorial highlights the most important steps necessary for creating a
trouble-free sample preparation workflow for elemental analysis.
38 Spectroscopy 37(1)
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I

nductively coupled plasma–optical
emission spectroscopy (ICP-OES)
and ICP-mass spectrometry (MS) are
designed primarily to analyze samples in
liquid form. In most cases, a sample must
be dissolved (if possible) in a suitable diluent. Whereas aqueous diluents, like
ultrapure water or dilute acids, are generally easier to handle, organic solvents
are commonly applied, for example, to
determine elemental impurities in certain active pharmaceutical ingredients.
In the event a sample is not immediately
soluble, a digestion method using a
hot block, fusions (for example, lithium
metaborate), or a microwave-assisted digestion are often the only routes to analysis. However, all the aforementioned approaches have common drawbacks, such
as the time required for the digestion, the
cost of reagents, and the requirement to
invest in digestion hardware. In addition,
contamination could become a problem
from the reagents used for digestion, or
the insufficient cleaning of crucibles or
digestion vessels between samples.
Irrespective of the digestion method
used, a clear and particle-free solution is
the ideal outcome of the digestion process. However, before introducing this

solution to the analytical instrument
of choice, it is important to consider a
few parameters. The amount of total
dissolved solids (TDS) is calculated by
dividing the amount of sample used for
digestion by the final volume of the solution after digestion. The maximum working range for TDS is different between
ICP-OES and ICP-MS and is highlighted
later in this tutorial. The remaining acid
concentration and the acid mixture can
have an influence on not only the performance of the instrument, but also the
configuration of the sample introduction
system. If hydrofluoric acid (HF) is used,
it is important to exchange all components made from quartz for their inert
replacements. Ideally, the remaining
acid concentration in a digested sample
should be below 5% (v/v).
The direct analysis of solid samples can
be an alternative in some cases, such as
conducting samples (metals and semiconductors), nonconducting samples (mineral
grains, paper, and plastics), and biological materials (tissue sections). Using a laser
system focused directly on the surface of
the sample, short pulses of high intensity
light can convert a solid sample directly
into an aerosol, which is transported to
www.spectroscopyonline.com
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the ICP ion source for analysis. Laser ablation (LA) enables direct sampling of a
range of solid materials without the need
for hazardous chemicals and minimizes
the potential for contamination by sample handling. Because of the typical small
spot size of approximately 200 µm, laser
ablation is considered quasi nondestructive and can therefore be an alternative
approach for analyzing valuable samples.
However, sample homogeneity can be
an issue when LA-ICP-MS is employed
for concentration determinations in a
bulk material, so careful selection of the
sampled area is required. On the other
hand, LA-ICP-MS also allows information
to be obtained on the lateral distribution
of an analyte across a sample, which is
beneficial for characterizing geological
or biological samples.

As an alternative, lower-purity acids
can be purified using sub-boiling distillation, which is a cost-effective way to increase the purity of a less expensive acid.
Another potential contribution to contamination can be the water used for the
preparation of diluent solutions. A regular
check for trace elements is highly recommended,
as well as regular maintenance
LE-195ir1.ps
T:\MISC\ADS\LE-195\LE-195ir1.cdr
of the
waterDecember
purification
system
Thursday,
16, 2021 9:24:47
AM (as per
Color profile: Disabled
the manufacturer recommendations). For

trace element analysis, it is recommended
to use water with a resistivity of 18.2 MΩ
cm wherever possible.
Choose Your Acids Wisely!
Many sample types only dissolve well
using microwave-assisted digestion,
which aids the decomposition of difficult
matrix materials by enabling digestions
to be run at higher temperatures and
pressures. However, despite the condi-

Consider Acid and Vial Purity!
ICP-OES and ICP-MS are technologies
for analyzing elemental impurities at
trace and even ultratrace levels. As a
result, backgrounds for the analytes of
interest must be as low as possible. Otherwise, false positive results and poor
detection limits may cause significant
follow-on work in a routine operating
laboratory. For many elements, such as
the rare earth elements, natural abundance in the environment is low and so
there is likely no background contamination found in the water and acids or the
vials used during sample preparation.
For other elements, especially alkali, alkaline earth, and transition metals, such
as sodium, potassium, iron, copper, or
zinc, there may be significant amounts
leaching out from plasticware such as
vials and vial caps. When changing from
batch to batch or between different
brands, a preliminary leach test for purity
of vials is highly recommended.
Lower purity acids may also add to
the backgrounds observed in an analysis. Acids and other reagents typically
used in elemental analysis, such as nitric and hydrochloric acid or hydrogen
peroxide, are available in different purities, but especially for ultratrace analysis using ICP-MS, only the highest purity should be used.
www.spectroscopyonline.com
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Nitric Acid (HNO3)
Often used as a diluent in ICP or ICPMS analysis, but not an universal
option for sample digestion

Hydrogen Peroxide (H2O2)
A common oxidation agent helping in the
decomposition of organic sample types
Increases oxidation potential in the
digestion mixture

Hydrochloric Acid (HCl)
→ Stabilizes Hg, but also
other elements like platinum
group metals.

Sulfuric Acid (H2SO4)
Increases temperature of
the reaction relative to
pressure

Perchloric Acid (HClO4)
Alternative oxidation agent

Hydrofluoric Acid (HF)
Digestion of silicate matrices

Organic material: HNO3 + H2O2
Inorganic material: Aqua regia, HNO3 and HF

FIGURE 1: Common acids used for sample digestion for the analysis of trace elements.
TABLE I: Overview of common contamination problems and how to resolve them

Contamination

Carry-over
or crosscontamination

Origin

How to identify It

How to Solve It

Contaminated
labware,
chemicals, or
reagents

Unexpected result
in a single sample
or a group of
similar samples;
other samples
or sample types
in a batch may
not be affected

Revise every step in
sample preparation
and examine all
chemicals,
vessels or other
laboratory
equipment that have
been in contact with
the sample in
question

Slowly
decreasing over
time if not removed
by maintenance

Inspect, replace, or
clean all components
of the sample
introduction system,
such as the
autosampler probe,
peristaltic pump tubing,
nebulizer, spray
chamber, torch, and
cones

A different
sample (type) or
a solution used
for setting up
the instrument

tions, the selection of the right acid is still
crucial, and in many cases, an effective
digestion will often require a combination of different acids or oxidationents.
The use of an acid mixture also allows
for immediate stabilization of some elements in solution. Whereas nitric acid
(HNO3) is often used as a diluent for elemental analysis, it is mostly ineffective for
sample digestion alone. In combination
with hydrogen peroxide (H2O2), effective
decomposition of mostly organic matrices
(such as food and feed), can be achieved.
As an alternative, perchloric acid can be
used to increase the oxidation potential
of the mixture, but extreme care is recommended as perchloric acid can react
strongly and rapidly with organic matrices.
The addition of a suitable amount of hy40 Spectroscopy 37(1)
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drochloric acid (HCl) is beneficial to unlock
and stabilize certain inorganic materials. In
many cases, aqua regia (a combination of
hydrochloric acid with nitric acid in a 3:1
mixture) is effective for dissolving metallic materials. Hydrochloric acid can also
help stabilize critical contaminants, such
as mercury and platinum group metals,
in the digested sample. For this purpose,
it is important to ensure the concentration of HCl is high enough (2% or even
higher), so that initially formed precipitations (HgCl or HgCl2) are converted into
soluble chloro complexes ([(HgCl4)]2-). All
acids typically added in digestion methods are summarized in Figure 1. Sulfuric
acid can be beneficial for digesting some
sample types on a hotplate and in some
types of high pressure digestion systems,

but this acid should never be used with
Teflon vessels in a microwave because
Teflon melts at a temperature lower than
the boiling point of sulfuric acid at atmospheric pressure. In addition, sulfuric acid
generates several additional sulfur-based
interferences in ICP-MS, so it should only
be used when there is no alternative.
For any of the above, it is of utmost
importance that appropriate personal
protective equipment is always worn
when handling acids and other hazardous
chemicals. Detailed guidance on the right
acid or acid mixture, sample and acid
amount as well as temperature program
can be obtained from the manufacturer of
the microwave digestion system available
in the laboratory.
Dilute Your Sample Smartly!
Samples with an elevated content of dissolved solids can cause signal suppression
and drift with ICP-MS. The typical upper
limit for the TDS content in ICP-MS is between 0.2 and 0.5% (m/v). This means that
many samples, which can be run without
any prior dilution on an ICP-OES, need to
be diluted first for ICP-MS analysis. Special
sampling accessories on the front end of
the ICP-MS, such as dilution with argon
gas, can enable the direct aspiration of
solutions containing TDS well beyond 3 to
4%, but dilution is also taking place here,
ultimately reducing the detection sensitivity of the system. The biggest advantage
of such accessories is that a manual dilution step in the sample preparation can
be omitted, which liberates operator time,
reduces cost and waste created by diluent
solutions, prevents contamination, and
avoids human error. However, as the dilution gas affects the plasma conditions, the
resulting dilution factor needs to be fixed
across all standards and samples in a batch.
Because of the changing plasma conditions during the measurement, long stabilization times are required after a change in
the plasma conditions to avoid instrumental drift. For analyses containing different
sample types, this limited flexibility becomes a drawback because with the dilution factor set to enable the measurement
of higher matrix samples, lower matrix
samples will be diluted more than is neceswww.spectroscopyonline.com

TUTORIAL
sary, leading to poorer method detection
limits (MDLs) and degraded accuracy for
those samples.
Flexible dilution for every sample in a
batch is possible using automated and
intelligent liquid dilution. Automated liquid dilution is possible in conjunction with
valve systems, which are available as an
extension to the standard configuration of
the autosampler. Using integrated control
in the ICP-MS software, either a fixed liquid
dilution factor for all samples or different
factors (up to several hundred) for each
sample can be predefined before starting
the analysis. In addition, the system can
also be set up to intelligently dilute further and automatically re-analyze samples
that exhibit internal standard suppression higher than the acceptable limits or
have concentrations outside of the calibrated range on their initial measurement.
The repeat analysis data are accurately
documented in the software together
with the new dilution factor, so that no
issues with regulatory compliance occur

during data acquisition. Intelligent autodilution can also help to free up operator
time by eliminating the need to prepare
individual standard solutions for calibrating the system. With online autodilution,
a typical calibration curve (consisting of
3 to 5 points and covering three orders of
magnitude) can be created from a single,
higher concentration stock solution.
Manage Your Backgrounds!
As mentioned previously, it is important
to be conscious of potential backgrounds
derived from laboratory equipment and
chemicals (contamination) or other samples (carry-over or cross contamination).
Whereas the former can only be identified by rigorously testing all equipment
and different batches of the chemicals
involved, the latter requires an effective
cleaning strategy in between runs to be
put in place. For samples that need to
be digested before analysis, a blank digestion should be performed with every
batch of samples, including all steps and

reagents used in the process, but no sample. This way, any potential contamination
from the digestion step can be identified,
traced back to its origin and rectified as
far as possible, before potentially biased
results need to be troubleshooted or are
even reported. Table I gives an overview
of common reasons why an analysis may
be biased through contamination or
carry-over cross-contamination.
Dilute and Shoot!
Oftentimes, a challenge is not immediately recognized upfront as only limited
information is available on the sample.
Sometimes, the presence of other elements not subject to quantitation can
cause a range of difficulties, which are
only recognized upon analyzing the
sample. In such cases, the analysis often
delivers confusing results for the sample
itself, but also the subsequent samples
may suffer from the effects of residual
contamination. To identify such potential
challenges caused by previously unknown
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samples before they cause a disruption,
it is recommended to follow a few simple
steps. To discover unexpected elements
or challenging interferents, running a full
mass scan can provide a good overview
about highly concentrated matrix elements or indicate the presence of unexpected interferences. A slightly higher dilution than usual safeguards the instrument
from persistent contamination. Typical interferences causing puzzling results could
be of different nature to those that are normally encountered. For example, doubly
charged ions can be formed if an element
has a second ionization potential lower
than the ionization potential of argon. In
this case, ions with two positive charges
are formed, which appear at half mass in
the spectrum (as all mass spectrometers
detect ions based on their mass to charge
ratio rather than their mass). The presence
of rare earth elements, predominantly
neodymium (Nd), samarium (Sm), or gadolinium (Gd), create false positive results on
key contaminants such as arsenic (150Nd++

and 150Sm++) and selenium (156,160Gd++ on
78,80Se+). The impact of doubly charged
interferences can, in some cases, be reduced by mathematical corrections (usually within a narrow concentration range),
but only triple quadrupole ICP-MS systems
are capable of reliably eliminating these
interferences. Several doubly charged
interferences may also fall on common internal standards. For example, in presence
of higher amounts of lead in the sample,
206Pb++ may influence the response of
103Rh+, a common internal standard. In this
case, the interference would not create a
bias on the sample itself, but instead lead
to potential failure of the internal standard
response, or at least an incorrect estimation of the concentration of all analytes
that use 103Rh for internal standardization.
Although kinetic energy discrimination
(KED) is considered an effective tool for
suppressing polyatomic interferences in
the low and middle mass range of an ICPMS, it becomes gradually less effective in
the higher mass range because the relative

size difference between an analyte and the
polyatomic interference decreases. This
means that low concentrations of an interfering element can create an unexpected
bias. An example is the analysis of mercury, which can be interfered by tungsten
through the formation of tungsten oxide,
even at single digit µg/L concentrations.
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Summary
It is worthwhile to take a critical look at all
steps in the sample preparation protocol
to assure successful, accurate, and reliable determination of elements (trace and
major). Through evaluating all consumables and reagents, as well as preparing
appropriate blanks and quality control
(QC) checks, help to identify and troubleshoot potentially biased results.
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The 2022 Emerging Leader in
Atomic Spectroscopy Award

Jerome Workman, Jr.

This year’s atomic spectroscopy award
recipient is Denise M. Mitrano, whose
research is focused on the application
of atomic spectroscopy techniques—
inductively coupled plasma–mass
spectrometry (ICP-MS) and singleparticle ICP-MS (spICP-MS)—to elucidate the transport and impact of engineered nanomaterials and nano- and
microplastics under environmental and
synthetic conditions.
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D

enise M. Mitrano is Assistant
Professor of Environmental
Chemistry of Anthropogenic
Materials at ETH Zurich, in the Department of Environmental Systems
Science. Her research is directed to
understanding the impact and interaction of nanoparticles in the environment
using atomic spectroscopy techniques,
such as inductively coupled plasma–
mass spectrometry (ICP-MS) and singleparticle ICP-MS (spICP-MS). She is the
winner of the 2022 Emerging Leader
in Atomic Spectroscopy Award, which
will be presented to her at the 2022
Winter Conference on Plasma Spectrochemistry, which will be held in Tucson,
Arizona, from January 17 to 22, 2022.
The Spectroscopy Emerging Leader
in Atomic Spectroscopy Award recognizes the achievements and aspirations
of a talented young atomic spectroscopist who has made strides early in his
or her career toward the advancement
of atomic spectroscopy techniques
and applications. The winner must be
within 10 years of receiving his or her
highest academic degree in the year
the award is granted, and the winner is
chosen by an independent committee.
Mitrano earned her BS degree (cum
laude) in chemistry from Salve Regina
University in Newport, Rhode Island,

in 2008, and received her PhD in 2012
in geochemistry from the Colorado
School of Mines, with advisement
from Professor James F. Ranville. Her
thesis title was, “Development of ICPMS Based Nanometrology Techniques
for Characterization of Nanoparticles
in Environmental Systems.” Following
postdoctoral research at Empa, the
Swiss Federal Laboratories for Materials Science and Technology, in St. Gallen, Switzerland (mentored by Professor Bernd Nowack), she then became a
Group Leader of the Process Engineer-

Denise M. Mitrano, Assistant Professor of Environmental Chemistry of Anthropogenic Materials, ETH Zurich.
www.spectroscopyonline.com
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ing Department (as a Swiss National
Science Foundation (SNSF) Ambizione
Fellow) at Eawag, the Swiss Federal Institute of Aquatic Science and Technology in Dübendorf, Switzerland. In July
2020, Mitrano accepted her current position as an Assistant Professor at ETH
Zurich. Her previous awards include
the Marie Heim-Vögtlin prize for the
outstanding woman researcher of the
year in Switzerland (2021), several SNSF
Fellowships (2017–2025), and a host of
scholarships, grants, and fellowships
from multiple organizations.
With an h-index of 25, and an i10
index of 30, and over 2977 citations in
Google Scholar, Mitrano has published
research in such journals as Nature
Nanotechnology, Nature Communications, Water Research, Environmental Science & Technology, ACS Nano,
Environmental Science: Nano, Environmental Toxicology and Chemistry,
Environment International, Journal of
Analytical Atomic Spectrometry, Journal of Chromatography A, Talanta, Environmental Chemistry, Waste Management, Nanotechnology, NanoImpact,
Frontiers in Environmental Science,
and Spectroscopy.
Mitrano’s research explores the processes and impacts of nanoparticle
transmission and retention in environmental and biological systems. Her
research involves sampling and measurement strategies, environmental
and ecotoxicity testing, nanoparticle
tracking, microplastic impact studies,
process analysis and continuous monitoring, environmental modeling, pollution studies, policy to promote environmental health, and more.
Summary of Research Work
Mitrano uses several key word phrases
to describe her research work. These
include environmental analytical chemistry, water quality, plastic pollution,
nanotechnology, nanometrology, metals analysis, analytical method development, and life cycle thinking. As a
PhD student at the Colorado School of
Mines, Mitrano worked with Professor
Ranville to build her understanding of
www.spectroscopyonline.com
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Mitrano at the drinking water treatment plant in Zurich, Switzerland, where she
assessed nanoplastics removal from a drinking water treatment chain.

Photo credit: Andri Bryner, Eawag

Mitrano in the laboratory synthesizing nanoplastics. Photo credit: Andri
Bryner, Eawag.

nanomaterial and metal particle characterization and the analytical techniques
required for quantitative detection and
characterization of these materials in
both environmental and biological
samples. The primary analytical techniques used for nanoparticle measurements included ICP-MS, spICP-MS,
and asymmetrical flow field flow fractionation (AF4)-ICP-MS. Her graduate
research focused on determining the
effects of various water chemistries on
silver (Ag) nanoparticle behavior in laboratory, natural, and processed waters
using ICP-MS.
As a postdoc toral researcher at
Empa from 2013 to 2016, Mitrano’s work

consisted of planning and executing
laboratory experiments to detect and
characterize nanomaterials in various
nanomaterial-based products to estimate environmental effects and risk
assessment. She investigated the fate
and transport of nanoparticles from
these products into aqueous systems
under a variety of conditions. Mitrano
then moved to Eawag in 2017 to lead
a research team devoted to studying
plastic use and its effects on the environment. Her mission was to research
the fate and transport of particulate
plastic in environmental systems and
report her team’s findings in top-tier
scientific journals and conferences.
Januar y 2022
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Alissa Tophinke and Denise Mitrano in the laboratory working at an ICP-MS
instrument.

The Environmental Chemistry of Anthropogenic Materials (ECAM) group at ETH
Zurich. Front row, left to right: Fabienne Marie, Francesco Parrella, Denise Mitrano.
Back row, left to right: Silja Boner, Alissa Tophinke, Roman Schefer, Jonathan Nunez.

Since 2020, in her current role at ETH Zurich, Mitrano is continuing her environmental research studies specifically related to the environmental chemistry of
anthropogenic materials.
Most Impactful Work to Date
In assessing Mitrano’s impact on environmental science, it is useful to look at
both her mostly highly cited papers as
well as those considered most important by her mentors and peers.
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Bernd Nowack is a Group leader at
Empa, the Swiss Federal Laboratories
for Materials Science and Technology,
and has been familiar with Mitrano’s
work for over a decade. He noted that
Mitrano’s first significant contribution
was her PhD work that laid the foundations for the application of spICP-MS
for the analysis of engineered nanomaterials in natural samples. Nowack
noted that the second major contribution of her work was a method to

synthesize metal-doped nano- and
microplastics—allowing the use of
atomic spectroscopy to analyze the
metals embedded inside particles with
high sensitivity. This development provides a method for mechanistic studies about nano- and microplastic fate in
natural systems at low, environmentally
relevant concentrations. Nowack considers Mitrano’s most influential papers
to be those published in Environmental
Toxicology and Chemistry and Nature
Nanotechnology. “These papers have
attracted a lot of interest from people
worldwide and resulted in numerous
collaborations and common papers,”
Nowack said, noting that more work
continues using doped plastics to
study the fate of micro- and nanoplastics in natural and engineered systems.
James Ranville, a professor at the
Colorado School of Mines, was Mitrano’s PhD advisor. Ranville said that
Mitrano’s most important contribution
so far has been applying the use of
ICP-MS to examining the environmental fate of metal-doped microplastics,
after initially developing it for tracking
dissolution of silver nanoparticles in
natural and processed waters during
her PhD. Using ICP-MS has been invaluable for investigating nanoplastic
and microplastic fate and behavior in
quite complex environmental systems.
Ranville said that Mitrano’s proof-ofprinciple studies have demonstrated
that atomic spectroscopy is useful for
understanding the transport, biological uptake, and fate of nanoplastics
in laborator y systems, wastewater
systems, living systems, and complex
external environments.
Detlef Günther is a professor of
Trace Element and Micro Analysis at
ETH Zurich. He has been familiar with
Mitrano’s work for more than 12 years,
since he first saw her give a clear and
convincing presentation at the Winter
Conference on Plasma Spectrochemistry about her work in nanomaterials
when she was in Ranville’s research
group. “There are many aspects in her
work which have been interesting for
the community,” Günther said, noting
www.spectroscopyonline.com

Pittcon is a catalyst of scientific advancement for you, your research, your career, your
organization, and together, our world. Our aim is to provide you with unparalleled access
to the latest advances in spectroscopy, to the instruments enhancing your work, and to
an international assembly of scientists and innovators presenting a variety of lectures,
some of which include:
Molecular Spectroscopy to Study Disease
Mechanisms and Treatment
Infrared and Raman Chemical Imaging
and Spectroscopy at the Nanoscale
Next-Generation Vibrational Spectroscopy—
Miniaturization, Data-Analysis, Applications
Enhanced Bioanalytical Techniques Based
on Raman Spectroscopy
Entrepreneurs, Start-Ups, Mergers and
Acquisitions in Analytical Instrumentation
National Institute of Justice—Advances in
the Analysis of Forensic Trace Evidence

Autonomous Analytical Techniques:
Remote Sensing from Drones and Other
Expeditionary Platforms
Challenges, Needs and Opportunities in
Photothermal Spectroscopy: Evolution,
Revolution or Back to the Future
Shedding Light on Electrochemical Interfaces:
How New Spectroscopic Strategies Inform
Electrochemical Materials and Transformations
Society for Applied Spectroscopy—Dispatches
from Mars: Recent Results from the
Perseverance Rover

Your opportunity to access a world of collaborative science starts at pittcon.org.

Atlanta, GA, USA | March 5-9, 2022

FEATURED ARTICLE
that she has focused on the detection and quantification of a wide variety of nanomaterials—from textiles to
wastewater, and that her studies have
included inorganic materials, and plastics, and that and she tried a wide variety of methods to validate her studies.
“I think her latest studies on microplastic release from textile manufacturers in
China will have an impact on the monitoring of sources of anthropogenic nano
materials in many regions,” he said.
Collaborative Research Work
Nowack was cognizant of Mitrano’s
work almost from its beginning, “I was
aware of the pioneering work of Denise in developing spICP-MS from the
literature,” he said. “I was a partner in
an EU-project that just got funded and
I was looking for a postdoc to work
with me on aging of nanomaterials,”
he says, “I was happy that Denise liked
the outdoors, so I was able to convince
her that after a PhD in Golden, Colorado, Switzerland would be the right
place for a postdoc.” In spring 2013
Mitrano went to St. Gallen in Switzerland to work on the NanoMILE project, a 28-partner project, dedicated
to developing a detailed mechanistic
understanding of the interactions of
manufactured nanomaterials in living
systems and the environment.
Most Recent Research Publications
The most recent key papers by Mitrano, published since 2021, de scribe the analysis and charac terization of anthropogenic par ticles
in the environment. Such par ticles
include microplastic fibers (MPFs),
nanoplastic particles, microplastics
(MPs), and engineered nanoparticles
(ENPs). Mitrano applies various techniques for particle analysis, including ICP-MS operated in a spICP-MS,
for quantitative measurements.
Mitrano and colleagues have published a paper describing that fiber
fragments are a dominant form of
microplastics found in environmental
samples (1). This finding suggests that
synthetic textiles are a potential pre48 Spectroscopy 37(1)
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dominant source of microplastics in the
environment. The study was intended
to investigate the influence of abrasion
of synthetic textile fibers on the formation and release of microplastic fibers
and fibrils during washing. To conduct
this study, fleece and interlock textile
swatches composed of polyester were
abraded and tested using a Martindale tester. The microplastic materials
formed during the abrasion test were
characterized in terms of number of
particles, as well as particle length
and diameter.
A recent book has been pub lished, edited by Mitrano, Praetorius,
Lespes, and Slaveykova, entitled Biogeochemistry of Anthropogenic Particles (2). The book is a collection of
articles on the biogeochemical cycle
of human-produced particles in the
environment, emphasizing the distribution of nano- and micro-scale sizes.
The book addresses the sources, occurrence, transformations, and transport of particles in the environment
and in living organisms. Four levels
are used to group the topics covered,
including analytical methods for particle measurement and characterization.
Mitrano, Wick, and Nowack recently
published research that situates nanoplastics in the context of global plastic
pollution (3). Nanoplastics result from
the weathering of macroplastics leading to the presence of nanoplastic particles across global ecosystems. The
paper discusses nanoplastic sources
and risks, and assesses common issues
of formation and proliferation of nanoplastics and other nanosized objects,
such as engineered nanomaterials and
natural colloids, in the environment.
MPFs from textile fiber effluent,
breakage, and degradation are found
in the environment as an indicator of
human impact. A paper by Mitrano
and coworkers describes the release
pathways of tex tile-related MPFs
from textile mill processing industrial
wastewater (4). MPF release was estimated from the industrial wastewater
for a typical Chinese textile wet-processing mill. Effluent was sampled and

MPF fiber number and length were
measured using stereomicroscopy.
An average of 361.6 ± 24.5 MPFs/L
was identified in the mill ef fluent.
It was noted that 92 % of all effluent fibers were shorter than 1000 µm. It was
determined that an effluent sampling
volume of 5 L was optimum for fiber
count reproducibility, standard deviation, and ease of handling. Mitrano
and her coauthors concluded that the
production stage of textiles can add
significantly to overall MPF pollution,
and the ability to target and treat industrial effluents may significantly reduce global MPF pollution.
Mitrano and other researchers describe the use of trace metal-doping
of nanoplastics and microplastics as an
approach to detecting NPs in the environment (5). In one example of how
this approach can be used, a freshwater amphipod, Gammarus pulex,
was exposed to palladium (Pd)-doped
NPs via natural sediment at six spiking concentrations with the strategy of
assessing uptake and chronic effects.
The NP concentrations in the amphipods were measured by ICP-MS based
on Pd concentrations on digests of the
exposed organisms and fecal pellets
excreted during a post-exposure 24-h
depuration period. A significant positive linear relationship was observed
between concentration of NP in the
sediments and NP uptake by the G.
pulex organisms; although no statistically significant effects were obverted
in the survival or growth rate of the organisms. This research demonstrated
that nanoplastics exposure and accumulation in organisms can be precisely
determined using metal-doped nanoplastics, which is useful for studies assessing the risks of nanoplastics.
Key Career Publications: Most Cited
Mitrano’s most highly cited papers involve analysis of silver nanoparticles
(AgNPs) using spICP-MS, exploration of
the life cycle of nano-enhanced products
in the environment, microplastic formation and impact from household washing, and the use of a variety of nanowww.spectroscopyonline.com
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metrolog y techniques to analy ze
nanopar ticle transformations and
to measure the release of nanoparticles from textiles containing silver
or nanosilver.
AgNPs c an be d etec ted using
spICP-MS as demonstrated by Mitrano and colleagues in a paper having 327 citations in Google Scholar
(6). The authors describe the use
of spICP-MS, for quantitative measurements of AgNPs. The spICP-MS
method sample preparation involves
serial dilution, filtration, and acidification. It was concluded that a commonly available laboratory spICP-MS
method is capable of quantifying ng/L
Ag concentrations in environmental
samples. This analytical method provides tool for monitoring Ag and other
metal nanoparticles for fate, transport, stability, and toxicity studies.
Mitrano, along with three coworkers, has written a review with nearly
300 citations, that describes the life
cycle of the impact of nano-enhanced
products that contain ENPs (7). A holistic view of the impact and potential
risks of nanoparticles examines ENPs
from their production, through their
use cycle, and final disposal. The review explores the issues related to
the aging and transformation processes af fec ting ENPs in the environment. Biogeochemical processes
affecting ENPs include photochemical transformations, oxidation and
reduction, dissolution, precipitation,
adsorption and desorption, combustion, abrasion and biotransformation.
A thorough evaluation of the impact
of ENPs requires a holistic approach
to gathering knowledge on the complete life cycle of nanoproducts.
A paper with 271 citations (G.S.),
coauthored by Mitrano, describes the
application of spICP-MS and AF4-ICPMS for characterizing silver ENPs in
the environment (8). Both spICP-MS
and AF4-ICP-MS were evaluated for
detecting ENPs and compared to microscopy, light scattering, and filtration methods, along with their ability
to measure monodisperse silver ENPs
50 Spectroscopy 37(1)
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for size and concentration detection
limit s, resolution, and multi-form
elemental analysis. It was demonstrated that spICP-MS is the most
sensitive method, whereas AF4-ICPMS can detect much smaller particles
(2 nm vs. 20 nm for spICP-MS).
Mitrano, Hernandez, and Nowack
developed a method for evaluating
the release of microplastics during
the household washing of polyesterbased textiles (9). This paper, with
235 citations, tested their hypothe sis t hat s y nt hetic tex tile s are a
major source of microplastic fibers
release in urban environments. This
study measured the size and mass
of microplastic fibers released from
polyester textiles during simulated
h o m e w a s hing u n d e r c o n t ro ll e d
laboratory conditions. This research
sought to understand the physical
properties of textiles that affect the
mechanisms of microplastic fiber release from laundry wash water into
the environment.
Transmission electron microscopy
combined with energy-dispersive
X-ray spectroscopy (TEM-EDX) was
used to explore nanoparticle transformations and to measure the release of nanoparticles in wash water
from silver and nanosilver containing
textiles (10). A research paper by Mitrano and colleagues, with 222 citations, combined serial filtration with
TEM-EDX for characterization of ionic
silver, AgCl, and metallic Ag nanoparticles. The s tud y concluded that
textiles treated with “conventional”
silver have equal or greater propensity to form nanosilver particles during washing conditions than those
treated with nanosilver.
The Future
Given Mitrano’s accomplishments so
far, it is clear that she has a bright
future. “Denise clearly has the talent
and drive to make substantial contributions to science and to mentor the
next generation of young scientists,”
Ranville said. “It has been my pleasure to watch her reputation grow.”

Günther agrees. “She is an openminded person and shaped the nanoanalytics field with her contributions,”
he said. “I am sure we will see much
more interesting manuscripts from
her research group.”
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