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Note from the CEO
Mike Hennessy, Jr. 
President & CEO, MJH Life Sciences®

In Spectroscopy’s cover story for February, the “Chemo-

metrics in Spectroscopy” column editors Jerome Workman, 

Jr. and Howard Mark discuss how artificial intelligence (AI) 

can be applied to spectroscopy in general, and specifically  

to chemometrics.

AI and its subfield machine learning (ML) use signal process-

ing and multiple layer artificial neural networks (ANNs) to model 

a single function, or set of functions, that have been ascribed 

historically to the intelligent activity of humans. Creating AI pro-

grams is a specialized skill, and involves complex algorithms and 

data structures. AI programming must follow a rigorous set of 

rules to give valid or useful results, and each program must care-

fully be trained and validated using domain (or expert) knowl-

edge to achieve the desired results. 

All complex mathematical modeling activities that attempt 

to provide accurate decisions and predictions, from AI to che-

mometrics, face similar challenges, including limited data,  

noisy data, undefined data limits, imperfect understanding of the 

theoretical basis for changes in the observed data, unexpected 

changes in the underlying data structures, and so forth. 

For modeling activities involving chemometrics, it is paramount 

that a chemist or chemical engineer be involved in interpreting a quali-

tative or quantitative model for any system involving known chemical 

principles or chemical reactions. It is important to keep in mind that 

domain knowledge, or a fundamental knowledge of the system one is 

working with, is essential to avoiding major errors using any computer 

modeling system. That is why, if one is using AI to build a self-driving 

automobile, it would be very handy to have expert drivers involved 

during the modeling process. Without domain knowledge, one will 

undoubtedly see major errors in relying on models generated without 

such knowledge used as input information.

There are many uses in chemistry for AI and advanced che-

mometric methods for automating activities that are complex, 

but repetitive, as long as experts are involved to prove the com-

puterized system is functioning properly. Potential uses for AI in 

spectroscopy would be automating instrument calibration and 

diagnostics, optimizing instrument measurement conditions and 

parameters, creating experimental designs, completing repeti-

tive signal preprocessing, making decisions for quantitative and 

qualitative calibration, library searching and classification work, 

and automating imaging and image enhancement functions.       

We hope that you enjoy this ar t ic le, and our entire  

February issue.
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MOLECULAR SPECTROSCOPY WORKBENCH

Measuring the Crystallinity of  
PHBHx with Varying Amounts of  
Sidechains on a Benchtop Instrument

Current benchtop instruments 
with edge filters providing Raman 
spectra down to 50 cm-1 can be 
used to study the crystallization 
of PHBHx (polyhydroxybutyrate-
hexanoate) without the complexity 
of larger instruments. By collecting 
the averaged signal from spheru-
lites, the effects of orientation 
can be averaged out, enabling the 
use of multivariate techniques to  
compare samples. These polymers 
are being commercialized because 
they are created by fermenta-
tion and are biodegradable, mak-
ing them an ideal replacement for 
petroleum-derived polymers that 
do not biodegrade. In addition,  
it is understood how to control the 
polymer’s physical properties by 
controlling the molecular weight 
and the percent of sidechains which, 
in turn, controls the crystallinity.  
To compare spectra of different 
samples, it is necessary to remove 
the effects of polymer chain orienta-
tion, which averaging the spectrum 
of a spherulite will enable. 

Fran Adar 

Although a polymer physicist 
is well aware of the formation 
of spherulites in semicrystal-

line polymers, it is an amazing experi-
ence to see them for the first time in 
an optical microscope with crossed-
polar illumination. Figure 1 shows a 
spherulite in a film of PHBHx poly-
hydroxybutyrate-13% hexanoate that 
had been annealed for 36 h at 70 oC.  
Our understanding of the structure 
that accounts for what is observed is 
that the crystallites are nucleated at the 
center of these features and grow radi-
ally along the axis of maximum crystal 
growth. The sizes of the spherulites 
will depend on a variety of factors (in-
cluding the number of nucleation sites,  
the structure of the molecules, and the 
cooling rate or annealing temperature), 
and can range between micrometers 
to centimeters. One might assume that 
the radial direction corresponds to the 
chain axes, but, in fact, it is often a dif-
ferent axis. In PHBHx, it is the a-axis 
that is the axis of optimum growth (1), 
and a is also the axis of the unusual in-
teraction between one of the methyl 
protons on one chain in the unit cell 
and the carbonyl in the second chain 
in the unit cell (2). 

The spherulites are actually a three-
dimensional (3D) spherical structure 

comprised of lamellae that align along 
the radial axes. Lamellae are polymer 
chains that fold back and forth on 
each other in a direction normal to 
the growth direction. Lamellae define 
the crystalline regions, with the dis-
ordered chains between the lamellae 
being amorphous. For those readers 
who are unfamiliar with these concepts,  
I recommend looking at the Wikipedia 
article on polymer spherulites. In the 
case of PHBHx, the lamellae actually 
twist around the growth axis (3). 

Results
These concepts should af fect the 
Raman polarization behavior. In the 
instrument being used, which is the 
XploRA Plus, the laser (532 nm) po-
larization is east-west (EW) at the mi-
croscope stage. Therefore, in an EW 
line scan through the center, the laser 
will be polarized along the a-axis. In a 
north-south (NS) line scan, the laser po-
larization will be normal to a. The c-axis 
would not be unique in this system be-
cause the lamellae are rotating around 
the growth axis (3). If we do a line scan 
at 45o to NS or EW, we expect to see a 
spectrum that is an average. 

Figure 2 shows profiles through the 
center nucleation site (as accurately 
as could be determined) for the three 
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bands that have been associated with crystallinity. The pho-
non at 80 cm-1 represents beating of the two chains in the 
unit cell. The carbonyl band is actually several overlapping 
bands where the frequency downshifts in the crystalline 
state. The CH band at 3000 cm-1 becomes a doublet in the 
crystalline form, and it has been interpreted to be a split-
ting of the band at 3000 cm-1 when the chains in the unit  
cell interact (4). Except for the carbonyl profiles in the 0% Hx 

sample, the diagonal profiles (not shown) are approximately 
equal to the average of the vertical and horizontal profiles. 
We believe that the reason for this discrepancy is the large 
increase in intensity of the crystalline component in the verti-
cal profile of the 0% sample, as shown in Figure 3. 

Figure 3 shows the spectra (from top to bottom) of narrow 
horizontal and vertical slices of the low crystallinity samples, 
and then horizontal and vertical slices of the high crystallinity 
samples. To validate the conjecture in the previous para-
graph, I show the carbonyl region expanded in Figure 4. 
Note that the spectra of the low crystallinity material at the 
top shows only approximately a 30% increase in intensity in 
the vertical slice, but in the spectra of the high crystallinity 
material at the bottom, there is a very large increase in the 
crystalline component for the vertical profile. In addition,  
I have placed arrows to indicate some subtle features buried 
in the broad amorphous bands.

I am currently recording line profiles with a higher groove 
density grating and more closely spaced data points. Under 
these conditions, we are clearly able to correlate the bands in 
the micrograph to differences in the Raman spectra. Figure 6 
shows one such scan, revealing the variation in the intensity 
of the carbonyl band in a horizontal cut through the center 
of a spherulite of the pure PHB sample. What is curious is 
that the 0% sample does not show the banding in the micro-
graph recorded between crossed polars. By systematically 
measuring radial slices of spherulites, we should be able to 
understand what the role of polymer orientation has to do 
with the bands seen in the micrographs.
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X (µm)

NS

EW

Y
 (µ

m
)

-30

-20

-10

0

10

20

30

-20 0 20 40

FIGURE 1: Image of a spherulite of PHBHx (13% hexano-
ate) recorded with 100x magnification between crossed 
polars.  The directions are labeled so that the polarization 
properties can be discussed.
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Summary
This project started because I wanted to compare spectra 
of different PHBHx samples with different concentrations 
of Hx. Because I need to eliminate polarization and orien-
tation effects on relative intensities to compare samples, 
it occurred to me that mapping a spherulite and calculat-
ing the average spectrum would eliminate these effects.  
This idea stunningly opened up new possibilities. Not only 
can I see intensity ripples as a function of radial distance, 
but by comparing spectra between horizontal and vertical 
cuts I can start analyzing the polarization and orientation 
behavior. Clearly, there is a lot of information coming from 
these measurements that we will be able to exploit in a more 
complete analysis of the spectra of this material. 
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CHEMOMETRICS IN SPECTROSCOPY

Artificial Intelligence in  
Analytical Spectroscopy, Part I:  
Basic Concepts and Discussion 

Artificial intelligence (AI), and its 
subfield machine learning (ML),  
are major buzzwords in today’s tech-
nology world. In a two-part series,  
let’s begin to take a look under the 
hood and behind the scenes to see 
what AI is and its applicability to an-
alytical chemistry and spectroscopy 
for future discussion and elaboration. 
What are the benefits and limita-
tions, as well as the praises and de-
tractions, of AI? How does AI relate  
to chemometrics?

Jerome Workman, Jr. and Howard Mark

As with any modeling tech-
nique, it might serve us well to 
remember Robert A. Heinlein’s 

reference: “There ain’t no such thing as a 
free lunch (TANSTAAFL)” (1), and super-
calibratestatisticexpedientalgorithmad-
nauseous, a play-on word inspired by the 
wisdom of Mary Poppins (2), reminding 
us about the hype of new algorithms. 
The term was coined to mock the then-
current practice of trying all-possible 
combinations of available algorithms 
and test statistics to automate the pro-
cess of developing calibration models 
for near-infrared (NIR) analysis. It took a 
long time, but eventually, the NIR commu-
nity recognized the futility of that meth-
odology. Remember, if you are going to 
make mistakes, automation allows you to 
make them more quickly and repetitively.  
One must be cautioned when using pow-
erful and automated regression-based 
methods to remember that modeling 
algorithms are only able to build an ac-
curate predictive model based on the 
information they are presented. As Mark 
Twain once said, “There are three kinds 
of lies: lies, damn lies, and statistics” (3–5). 
And as Rasmus Bro, a leader in the field of 
chemometrics, has said:

 
“As most people are aware, there is 
currently a hype on machine learning 

and artificial intelligence (AI), and that 
is all fine and good. Part of the hype 
is that these methods are sometimes 
oversold, and so then people are re-
lieved that now they don’t have to think 
about things, saying, ‘I don’t have to 
think about experimental design, 
sampling error, analytical quality, etc.’ 
And when that happens, those proj-
ects typically fail, because these new 
and excellent methods don’t actually 
replace the responsibility for you to 
actually know what you are doing” (6). 

With all these precautionary tales 
in mind, we now move ahead with 
our initial overview discussion of AI  
and chemometrics.

Basically, AI and machine learning 
(ML), as they are used today, consist of 
applying signal processing and multiple 
layer neural networks to model a function 
or set of functions that has been loosely 
associated with the intelligent activity of 
living organisms. The same challenges for 
building successful models may be pres-
ent in all modeling activities, including 
chemometrics; these may include sparse 
or limited data, noisy data, unknown lim-
its to the potential data and predicted 
values, a lack of basic understanding 
of the nature of the data, and so forth.  
In chemometrics, it is generally accepted 
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TABLE I: A comparison between algorithm sets used for AI vs. machine learning vs. chemometrics (from the authors)

Artificial Intelligence (AI) Machine Learning (ML) Chemometrics

Classification Algorithms

Naive Bayes Naive Bayes algorithm Naive Bayes classifier

Decision tree Decision tree Decision trees

Random forest Random forest algorithm Random forest algorithm

Logistic regression Logistic regression Logistic regression

Support vector machine (SVM) SVM algorithm SVM algorithm

K-nearest neighbors (KNN) KNN algorithm KNN algorithm

Neural networks Neural networks Neural networks

Mahalanobis distance metrics

Regression Algorithms

Linear regression Linear regression Multiple linear regression (MLR)

Neural networks Neural networks Neural networks

Locally weighted regression (LWR)

Partial least squares (PLS) regression  
as inverse least squares (ILS) 

Principal components regression (PCR)

Clustering Algorithms

K-means clustering K-means clustering K-means clustering

Ensemble Learning Algorithms

Gradient boosting Gradient boosting algorithm 
and AdaBoosting algorithm Boosted trees—gradient boosting

XGBoost

Signal Preprocessing

Autocorrelation Autocorrelation Baseline subtraction

Convolution Convolution Derivative processing

Fourier and wavelet transforms Fourier and wavelet transforms Fourier and wavelet transforms

Adaptive filtering via least 
mean squares (LMS) 

Adaptive filtering via least 
mean squares (LMS) Detrending

Recursive least squares (RLS) Recursive least squares (RLS) Mean centering

Linear estimators Linear estimators Multiplicative signal correction (MSC)

Compressed sensing Compressed sensing Normalization

Gradient descent Gradient descent Standard normal variate (SNV)

 Successive projections algorithm (SPA)

Component Analysis

NA NA Classical least squares (CLS)

Independent component analysis (ICA)

Inverse adding doubling (IAD)

Multivariate curve resolution (MCR)

Principal components analysis (PCA)

that a chemist or chemical engineer 
is deriving (or at least interpreting) a 
quantitative, qualitative, or classification 
model for a chemical system, and there-
fore has domain knowledge of the na-

ture of the data and the expected model 
prediction results. Domain knowledge, 
or fundamental knowledge of the system 
one is working with, is essential to avoid 
major errors, using computer modeling. 

That is why, if one is using AI to build a 
self-driving automobile, it would be very 
handy to have expert drivers involved 
during the modeling process. Without 
domain knowledge, one will undoubt-
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TABLE II: A comparison between algorithm tool sets used for AI and machine learning vs. chemometrics (from OpenAI.com [7])

AI and Machine Learning Chemometrics Both

Classification Algorithms

Logistic regression Linear discriminant analysis (LDA) Logistic regression

K-Nearest neighbors (KNN) Quadratic discriminant analysis (QDA) K-nearest neighbors (KNN)

Decision trees K-Nearest neighbors (KNN) Naive Bayes

Support vector machine (SVM) Decision trees Decision trees

Naive Bayes Support vector machine (SVM) Random forests

Neural networks Artificial neural networks (ANNs) Support vector machines (SVMs)

Regression Algorithms

Linear regression Linear regression Linear regression

Polynomial regression Polynomial regression Polynomial regression

Support vector regression (SVR) Partial least squares regression (PLS) Ridge regression

Decision trees Multiple linear regression (MLR) Lasso regression

Random forests Support vector regression (SVR) Elastic net regression

Neural networks Artificial neural networks (ANNs) Support vector regression

Clustering Algorithms

K-Means K-means K-Means

Hierarchical clustering Hierarchical clustering Hierarchical clustering

Density-based clustering (DBSCAN) DBSCAN DBSCAN

NA Mixture modeling NA

Spectral clustering Spectral clustering Spectral clustering

Self-organizing maps (SOMs) Self-organizing maps (SOMs) Self-organizing maps (SOMs)

Gaussian mixture models (GMMs) NA NA

NA Affinity propagation NA

Ensemble Learning Algorithms

Boosting Boosting Boosting

Bagging Bagging Bagging

Stacking Stacking Stacking

Blending Blending Blending

Bootstrapped ensembles Bootstrapped ensembles Bootstrapped ensembles

Multiple classifier systems Multiple classifier systems Multiple classifier systems

Signal preprocessing

Data cleaning Data cleaning Data cleaning

Normalization Normalization Normalization

Standardization Standardization Standardization

Filtering Filtering Filtering

Feature selection Feature selection Feature selection

Baseline correction Baseline correction Baseline correction

Denoising Denoising Denoising

Dimensionality reduction Dimensionality reduction Dimensionality reduction

Component Analysis

NA Principal component analysis (PCA) NA

Independent component analysis (ICA) 

Factor analysis 
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edly see major errors in relying on models generated without 
such knowledge used as input information. These caveats 
also apply to modeling weather (where one asteroid or 
erupting volcano changes everything), the future econ-
omy (with the potential for wars and famines), and other 
unbounded or somewhat unknown domains. 

For an “official” AI response, we asked the question,  
“How are machine learning and chemometrics related?” to 
the program Chat.OpenAI.com (7), an AI program in devel-
opment. The AI answer is transcribed below. Note that as 
the AI program “learns,” its responses will change over time. 

“Machine learning and chemometrics are both fields that involve 
the use of statistical and computational methods to analyze and 
interpret data. However, they are applied in different contexts and 
for different purposes. Machine learning is a subfield of artificial 
intelligence that focuses on the development of algorithms and 
models that can learn from and make predictions or decisions 
based on data. These algorithms and models are trained on a set 
of labeled data, which consists of input data and corresponding 
output data, and are then used to make predictions or decisions 
about new, unseen data. Machine learning methods are widely 
used in a variety of applications, including image and speech rec-
ognition, natural language processing, and predictive modeling.
     Chemometrics, on the other hand, is the application of statisti-
cal and mathematical methods to the analysis of chemical data. 
It is used to extract meaningful information and knowledge from 
chemical data sets, such as those obtained from spectroscopic 
or chromatographic measurements. Chemometrics methods are 
used to analyze and interpret chemical data in order to gain 
insights into the underlying chemical processes and to make 

Automated or manual execution

Calibration
Dataset

Add more
data

Add more
data

Test until
failure

Resulting
model

Fitting
algorithms

Modeling
steps

Test and
validate

FAIL

FAIL

PASS

FIGURE 1: Flow chart of commonality between model optimi-
zation in AI approaches and chemometric modeling. A finished 
model must include all possible data variables to be a closed 
system (interpolation) or be forced to predict outside the mod-
eling data space with potential for greater error (failure to pre-
dict accurately) if in an open system (extrapolation). The red 
rectangle illustrates the “never-ending” process of collecting 
more data when modeling applications try to predict “open sys-
tems.” The iterative process of modeling, testing, and adding 
additional data is illustrated. Note that the algorithms and mod-
eling steps may also be varied with more modeling iterations.

D
im

en
si

on
 3

Dimension 2

Dimension 1

FIGURE 2: Illustration of closed and open model data showing 
commonality between AI approaches and chemometric mod-
eling. Data shown only in three dimensions (D1, D2, D3). A fin-
ished model must include all possible data variables to be closed 
(interpolation) or forced to predict outside the modeling data 
space with potential for greater error if open (extrapolation).  
Note that a model based on fitting to the black dots would 
not necessarily accurately predict either the green dots or red 
dots. The limitation of models using powerful fitting algorithms 
is the “completeness” of the data used and the assumptions 
made about the nature of the data. Modeling “uncharted” data 
in science can, and often is, problematic and unpredictable.  
Model prediction outside of a closed system is based on hy-
pothesized assumptions about the nature of the data.

http://www.reflexusa.com
mailto:reflexusa@att.net


18  Spectroscopy 38(2)   February 2023 www.spectroscopyonline.com

predictions about the properties and 
behavior of chemical substances.
     Both machine learning and che-
mometrics involve the use of statisti-
cal and computational techniques to 
analyze and interpret data. However, 
while machine learning is generally 
applied to a wide range of data types 
and applications, chemometrics is 
specifically focused on the analysis of  
chemical data.” 

What is Intelligence?
As with many technical matters, it is 
useful to begin by discussing the vari-
ous concepts involved with the subject 
of interest, and compose a list of (and 
a set of definitions for) those terms.  
If one is to develop AI technology and 
ML algorithms, it is helpful to know 
what intelligence and learning are. 
These concepts seem self-evident or 
intuitive to sentient beings; however, 
clear definitions of terms are helpful 
for classification and understanding.  
There have been many attempts to pre-
cisely define intelligence and learning. 
Let’s see what we can find.

A definition of intelligence from  
Merriam-Webster includes the following: 

1) “…(T)he ability to learn or under-
stand or to deal with new or trying 
situations: Reason; also: the skilled 
use of reason; and 2): the ability to 
apply knowledge to manipulate one’s 
environment or to think abstractly 
as measured by objective criteria  
(such as tests)” (8).

The definition of intelligence from 
Oxford Learner’s Dictionaries is 

“…(T)he ability to learn, understand, 
and think in a logical way about things; 
the ability to do this well….” (9).

What is AI?
Definitions of AI
A definition of AI from the Oxford 
English Dictionary is as follows: 

“(T)he capacity of computers or other 
machines to exhibit or simulate intel-

ligent behavior; the field of study con-
cerned with this. Abbreviated AI” (10). 

The often-referred to Wikipedia 
source has a more detailed definition: 

“AI is intelligence demonstrated by 
machines, as opposed to the natu-
ral intelligence displayed by animals  
including humans….” 

Wikipedia notes that older definitions of 
AI referred to machines that mimic human 
cognitive skills, such as learning and prob-
lem solving. A more modern definition if AI 
uses phrases such as “machines that act ra-
tionally,” which somewhat muddies the wa-
ters in terms of a precise definition (11). We 
might summarize the various ideas about a 
definition of AI, for our purposes, as:

“(A)n automated technology using 
computers and algorithms that is ca-
pable of simulating learning, thought, 
creativity, rationality, and analysis; 
and that is able to perform routine 
or complex tasks that have been his-
torically accomplished by humans.” 

Machine Learning as a Subfield of AI
ML may then be defined as a subfield 
of AI where computers (machines) are 
programmed in such a way that they 
are able to self-iterate and optimize 
problem solving for modeling data 
in an automated way, using compu-
tational algorithms specifically de-
signed for such purposes. Let us be 
frank here: the perceived intelligence 
or learning is a computer simulation 
using automation and optimization 
routines of computer algorithms— 
no more and no less. Once pro-
grammed with appropriate algo-
rithms, the computer (machine) is ca-
pable of simulating problem solving 
and learning functions that are nor-
mally attributable to humans. 

What is the Foundation of AI?
The foundation of learning AI is to under-
stand the variety of ML (deep learning) al-
gorithms, and then learn how to apply these 
ML algorithms for various applications.  

Next, one may design a user interface 
to interact with the AI programming.  
The main subfields involved include 
using the various models for defining an 
AI problem, learning how to design AI 
programs, deciding how humans will in-
teract with the AI programs, and learning 
how to modify and teach an AI program.  
One may add here that it is also important 
that experts evaluate or check the output 
of an AI program to test its legitimacy. 

Algorithms Used for AI
It may surprise those analytical chem-
ists completely unfamiliar with AI that 
many of the chemometrics (multivari-
ate) algorithms they are familiar with 
are also classified as AI algorithms— 
these are algorithms that are routinely 
taught and used by AI programmers.  
We refer our readers to the following ar-
ticles for a head start on this discussion 
(12–14). This previous series of articles 
provides definitions and a set of refer-
ences for signal preprocessing, com-
ponent analysis, quantitative (calibra-
tion) methods, qualitative (classification)  
methods, and programming platforms.

Table I shows a comparison of the 
chemometrics algorithms and the 
AI and ML algorithms as derived by 
the authors. Table II is a comparison 
table generated by an AI program  
(Chat.OpenAI.com) that compares AI 
and ML algorithms with chemometrics 
algorithms using its own AI terminology. 

Figure 1 shows a basic flow chart of 
commonality between AI approaches 
and chemometric modeling. Note that 
any modeling system is only capable 
of accurately modeling the data it has 
been shown or data that follow a logi-
cal framework, such as game theory.  
Within this limited framework, mod-
eling techniques are able to interpo-
late within its known boundaries and 
generally produce an accurate result, 
or at least, a result with a bounded 
estimate of error. If the modeling sys-
tem has not seen the data, or if there 
is not a rational or known framework 
for potential results, then the re-
sults are merely an automated or  
computerized guess. 
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The concept of an open or closed model is helpful at 
this point, because we may imagine what could happen 
when we model a constrained data set and when the na-
ture of the entire potential data set is not well understood.  
As Figure 2 illustrates, the limitation of models using 
powerful fitting algorithms is the “completeness” of the 
data used and the assumptions made about the nature of 
the data. Modeling “uncharted” data in science can be,  
and often is, problematic and unpredictable. Model predic-
tion outside of a closed system is based on hypothesized 
assumptions about the nature of the data. If the nature of the 
data and the assumptions about the data are unknown or not 
clearly understood, then the ability of any modeling system 
to predict a result accurately is also unknown. Therefore, cau-
tion when using extrapolation in a modeling system is wise.

One can imagine that game playing is a good example of 
what a modeling system or AI could easily master, because 
the universe of possible game moves is well-known and 
constrained to a finite set of options. With the high speed 
of computation possible in today’s computers, a model-
ing system is able to compute all possible combinations of 
moves and describe the best option (or options) available 
based on probability, separate decision algorithms, or a 
competitor’s responses to its moves. It would seem that a 
well-written AI or computer system would be the master of 

game playing and associated tasks. A next level of complexity 
may arise in self-driving automobiles, but this activity is still 
fairly well-defined under normal circumstances. That being 
said, there are occasionally extreme circumstances, such as 
weather, unusual sky or light reflections, sudden objects ap-
pearing on the roadway, multiple car collisions, and so forth, 
that would be extremely difficult to model and negotiate. 

AI computers would also seem to be able to master in-
ventory, logistics, traffic control, basic war games, and pre-
diction of basic human behaviors—all with relatively con-
strained circumstances. Even a form of pseudo-creativity 
would seem to be relatively straightforward with access to 
the Internet and computerized data processing. For new 
inventions, a computer system is capable of reviewing the 
prior patent art and literature, evaluating the known physi-
cal laws and basic science regarding the subject, and then 
“suggesting” potentially novel ideas not yet tried. However, 
issues of compassion, love, sacrifice, selflessness, and gen-
erosity would be extremely difficult to model; these are also 
factors that weigh in heavily for positive human decisions. 

So let us get back to the task at hand, which is to discuss 
AI for applications in analytical spectroscopy. Potential uses 
would be for instrument alignment (instrument calibration) 
and diagnostics, instrument measurement conditions and pa-
rameter optimization, experimental design, signal preprocess-
ing, quantitative and qualitative calibration, library searching, 
and automated imaging and image enhancement functions.

Steps Used for AI and Chemometrics
There are several steps in developing both AI and chemo-
metric models that are basic and somewhat unchangeable. 
These would include the following steps, which can be ac-
complished either manually or in an automated fashion: 
1) Define the problem that needs to be solved.
2) Define the type and amount of data required to 

train the model.
3) Collect the data.
4) Clean or preprocess the data.
5) Select the modeling algorithm(s).
6) Train the algorithm.
7) Test or validate the model.
8) Repeat the process to optimize the model .

How to Get Started in Learning AI
There are three main skill sets that are essential in learn-
ing how to work with AI. They are as follows:
1) Learn how to operate basic sof tware tools (such 

as Python), language, and syntax, and the types of  
algorithms needed.

2) Learn the basics of machine learning algorithms:  
regression, k-nearest neighbors (KNN), support vector 
machine (SVM), artificial neural networks (ANNs), rein-
forcement learning methods, computer vision tools,  
and so forth.
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3) Learn how to specifically solve the 
problems you are interested in by 
researching other examples and 
those researchers already problem 
solving in your area of interest.

Conclusion
In Part I of this two-part set of intro-
ductory articles on AI, we have at-
tempted to give a very concise and 
top-level overview of AI, a technology 
topic that is now taking the world by 
storm. AI discussions are now ubiqui-
tous across media, politics, business, 
academia, and especially in science 
and engineering. There is so much 
more to be said, but we have here 
brought an introduction to a topic 
we may continue to explore through 
additional articles and social media, 
such as in the “Analytically Speaking” 
podcast series, Episode 9, featuring 
Rasmus Bro as the guest speaker (6). 
In addition, in Part II of this written se-
ries, we plan on exploring actual ap-
plications of AI and ML to different vi-
brational spectroscopy methods, such 
as Raman, Fourier transform infrared 
(FT-IR), NIR, and UV–visible (UV-vis) 
spectroscopic techniques.
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Corrections from October 2022
There were some errors in the October 
2022 Chemometrics in Spectroscopy col-
umn that evaded detection until after the 
column was published (1). Therefore, we 
hereby publish these corrections:
• In Table I, the binary value for 810 was 

given as 10000; this number con-
tains one more zero than the correct 
amount. The correct expression for 810 
in the binary number system is 10002.

• In the first text column on page 20, 
under “Errors in Representation,” there 
were several instances of inserting the 
incorrect subscript to define the num-
ber system the specified number be-
longs to. For example, in  the passage “. 
. . 2-1

2 = 0.510 is already too large and 2-2
2 

= 0.25 is too small . . . ” it is clear that the 
digit 2 cannot belong to a binary num-
ber, since a binary number can only 
contain the digits 0 and 1, as we stated 
several times. The correct statement is 
“. . .  2-1

10 = 0.510 is already too large and 
2-2

10 = 0.25 is too small.” 
The same error occurred several times 

over the subsequent six lines. Instead of 
belaboring each occurrence of the error, 
here we simply present the corrected 
passage, starting with “for example”: 

“For example, 0.0112 = 2-2
10 + 2-3

10 = 
0.2510 + 0.12510 = 0.37510, which is again 
too large. We note that 0.01012 = 0.312510., 
which is still too large, while 0.010012 = 
0.2812510, is again too small. Finally, we 
are closing in on 0.310, but clearly it is not 
that simple.”
• In Table III, the last two entries under the 

column heading “Truncated Decimal 
Number” simply repeat the second-
to-last entry instead of reflecting the 
continuing truncation of pi. The correct 
table entries are 3.14100000000000010 
and 3.14000000000000010, respectively.
We apologize for these errors.
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Automatic Coal-Rock Recognition by 
Laser-Induced Breakdown Spectroscopy 
Combined with an Artificial Neural Network 

Automatic coal-rock recognition 
(ACRR) is of considerable theoreti-
cal and practical significance for un-
manned coal mining. To the best of 
our knowledge, this is the first study 
to assess laser-induced breakdown 
spectroscopy (LIBS) combined with 
an artificial neural network (ANN) 
for automatic coal-rock recognition. 
Each sample in this study was sub-
jected to LIBS testing and spectrum 
collection 20 times in the air, and the 
average value was taken as the LIBS 
data. Spectral data were optimized 
and dimensionality reduction was 
performed using partial least-squares 
discriminant analysis (PLS-DA). The 10  
selected wavelength lines were used to 
construct a simplified spectral model 
(SSM). The ANN based on SSM was 
designed to classify the coal and rock. 
The results demonstrated that LIBS 
combined with an ANN has a high rec-
ognition accuracy rate, providing a 
rapid and accurate coal-rock recogni-
tion method for unmanned coal mining.

Cong Liu, Jiayan Jiang, Jianguo Jiang, Zhongzheng Zhou, and Shu Ye 

Intelligent coal mining and pro-
cessing are important for sustainable 
and safe coal mining (1,2). Automatic 

coal-rock recognition (ACRR) is one of the 
key technologies for intelligent coal min-
ing and processing. ACRR is the “eye” 
of unmanned coal mine equipment,  
which can replace human eye observa-
tion and reduce staff. It is an indispens-
able key link in the process of realizing the 
unmanned work surface. ACRR technol-
ogy can provide a basis for the shearer 
to adjust the cutting height of the drum,  
which can reduce coal loss and increase re-
source recovery rate, reduce the content 
of the gangue in the falling coal, and im-
prove the quality of raw coal. More impor-
tantly, ACRR can help picks to avoid rocks 
in time, greatly reducing the possibility of 
gas explosions caused by dangerous tem-
peratures generated by picks cutting rocks 
(3,4). The process can significantly reduce 
the pick wear, extend the life of the device, 
and reduce the frequency of hardware re-
placement, which obviously decreases the 
costs. Sophisticated ACRR technology can 
eliminate the need for coal miners at the 
working face. In addition, ACRR also real-
izes the rapid separation of coal gangue in 
coal preparation plants. All in all, coal-rock 
recognition has very important theoretical 
and practical significance for intelligent 
coal mining.

To date, considerable research has been 
devoted to various coal-rock recognition 
methods (5). These techniques are catego-
rized as passive-detection (PD) recognition 
and active-detection (AD) recognition, ac-
cording to whether the technique depends 
on cutting rocks.

The PD–ACRRs include cutting force 
monitoring (6), thermal detection, vibration 
detection (7), and acoustic detection (8). The 
differences in physical quantity caused by 
cutting coals or rocks are used for recog-
nition. In the recognition process of PD–
ACRR, this kind of technique is likely to take 
effect only after shearer picks cutting rocks.

The AD–ACRRs include γ-ray detection 
(9), radar detection (10), and image analysis 
(11,12). The signal monitored by the active 
ACRR technique is caused by the inher-
ent characteristics of coal and rock, rather 
than cutting the different substances.  
Therefore, AD–ACRR technology does not 
have to wait for “errors” (cutting rocks) to 
appear before “correcting” (avoiding cut-
ting rocks). In theory, AD–ACRR technology 
can achieve “error-free,” unlike PD–ACRR.

However, currently available active 
ACRR techniques on the market have strict 
requirements. When coal rock’s radioac-
tive elements are low, or when vermiculite 
is mixed into the coal seam, γ-ray detection 
cannot be used. Electromagnetic waves 
can be seriously attenuated in thick coal 
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seams, and radar detection fails. The cam-
era cannot obtain a clear image in the coal 
mining working face, so image analysis is 
often ineffective.

Some other active methods, such as 
X-ray fluorescence (XRF) and prompt 
gamma neutron activation analy-

sis (PGNAA), have proven effective.  
But PGNAA machines are very bulky (mini-
mum weight is 3200 kg), and the neutron 
source has potential health hazards and is 
subject to strict regulatory requirements.

In view of the current research 
status, a safer, low cost, high perfor-

mance and active ACRR technique is  
still necessary.

Several laser-based methods have been 
recently developed to analyze coal rock 
(13–17). Laser-induced breakdown spec-
troscopy (LIBS) is a successful analytical 
technique for the determination of the el-
emental composition of materials (18–22). 
Each plasma radiation spectrum line cor-
responds to unique transitions in atoms, 
ions, or molecules. These are used as 
“fingerprints” to identify the sample struc-
ture (23,24). Therefore, LIBS can be used to 
classify and identify different substances.  
The advantages of LIBS include the nonde-
structive assessment of small samples, fast 
detection, no initial preparation, no radioac-
tive source, and online and in situ analysis 
(17,25). This shows that the use of LIBS for 
ACRR is very promising. LIBS uses chemo-
metric methods such as linear or parametric 
correlation, principal component analysis 
(PCA), and partial least-squares discrimi-
nant analysis (PLS-DA) to identify organic 
compounds (26,27). LIBS combined with 
artificial intelligence algorithms such as ar-
tificial neural networks (ANN) are very ac-
curate (28). ANN with LIBS spectroscopy is 
used to classify and predict coal rock char-
acteristics. ANN was recently developed 
for LIBS data processing for material iden-
tification (29–32). Hai Yan-he (33) presented 
the research of gas explosion mechanism, 
in accordance with the free radical mecha-
nism of vapor reaction and the spectral 
theory of polyatomic molecules. As long 
as the laser pulse energy intensity is strictly 
controlled, the safety of using laser instru-
ments in the coal mining working face can 
be guaranteed. Hai understands the condi-
tions of laser safe application in coal mines,  
which provide theoretical support for LIBS 
application to the coal mine working face.

This paper describes coal-rock recogni-
tion using LIBS combined with ANN. PCA 
and PLS-DA were used to reduce the di-
mension of input space in ANN models 
while decreasing the training time and 
preserving, or even improving, model ac-
curacy. ANN recognizes and determines 
the characteristics of different types of 
samples. This paper applies LIBS technol-
ogy to coal rock recognition and makes a  
detailed demonstration.

Samples Operational Advise

Coal-rock recognitionSpectrum dataLIBS System
Control

Measurement

PLS-DA Analysis

The Simpli�ed
Spectral Model

Arti�cial Neural
Network Engine

Expert System

FIGURE 1: Workflow of the LIBS ACRR system.

TABLE I: The 10 wavelength lines used to construct an SSM of the sample spectrum

Var ID (Wavelength, 
nm)

Elements 
(Corresponding 
to Wavelength)

VIP

288.09 Si 6.04037

279.48 Mg 5.92436

334.94 Ti 5.53164

280.2 Mg 5.46063

309.39 Al 5.36738

453.35 Mn 5.20912

334.88 Ti 5.10374

251.58 Si 5.06804

453.59 Mn 4.96057

247.82 C 2.50742

Computer

ICCD

Spectrometer

(a) (b)Controller

Mirror

Convex lens

Pulse Generator

Nd: YAG laser

Laser-induced plasma

SampleOptical �ber Convex lens

FIGURE 2: LIBS system construction: (a) Schematic of the LIBS system;  
and (b) integrated experimental instrument platform.
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LIBS spectra of “coal” and “rock” were 
collected, the spectral data were analyzed 
and processed comprehensively, and PLS-
DA was used to optimize, process, and re-
duce the spectral data, thereby establish-
ing the LIBS ACRR simple spectral model 
(SSM). Finally, we tried to use an artificial 
neural network to classify and predict the 
“coal” and “rock” to achieve the purpose 
of coal rock recognition. The results of the 
coal rock recognition can provide an op-
erational basis for unmanned coal mining 
equipment. Figure 1 shows the workflow of 
the LIBS ACRR system.

Materials and Methods
Experimental Design
A Q-switched Nd: YAG laser (ICE 450 laser 
power supply Quantel) with a 1064-nm 
wavelength, 7±2 ns pulse duration, and 
40 mJ energy per pulse was used as an 
excitation source. The laser was operated 
in external trigger mode, and it was trig-
gered by a digital delay generator for syn-
chronization, with a repetition frequency 
of 1 Hz. The Nd:YAG laser beam was 

focused on the sample through a con-
vex lens (focal length: 50 mm) at normal 
incidence. To avoid excessive ablation,  
the sample was mounted on a program-
mable translation stage. The laser was 
focused on a spot with a diameter of ap-
proximately 1 mm. The experiment was 
conducted in the laboratory.

An optical system collected the sam-
ple’s emitted light and transmitted it to 
the spectrometer (20-01-13-A Avantes) 
using optical fibers. The spectra were ac-
quired in an air atmosphere. A schematic 

of the LIBS system and laboratory appara-
tus used in this study was shown in Figure 2.

Because of the different elemental com-
position of coal and rock, the LIBS spectrum 
produced by them were distinctive. We 
used this set of LIBS experimental equip-
ment to generate and collect spectra, and 
then realized the classification and recogni-
tion of coal rock by analyzing the spectra.
 
Samples
In this paper, four types of coal samples 
were used as “coal” in ACRR, while gangue 

Clean Coal

(a) (b)

Medium Coal

Gangue Raw Coal

Slime Coal

FIGURE 3: (a) Coal and rock samples; (b) sample making molds.
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samples were used as “rock.” The samples 
were provided by the China Coal Technol-
ogy Engineering Group.

The four types of coal were raw coal, 
clean coal, medium coal, and slime coal. 
All coal samples were in the form of coal 
powder. Raw coal referred to coal that only 
excludes visible gangue without any other 
processing. After the coal was washed, the 
coal changed into high-quality coal suitable 
for special purposes, which was called clean 
coal. Medium coal was an intermediate 
product after the recovery of clean coal and 
the removal of gangue during coal separa-
tion and processing. These three types of 
coal were used to simulate different quali-
ties of coal. Slime coal generally referred 
to the semi-solid matter formed by coal 
powder containing water, which used to 
simulate the coal wetted by the water used 
to cool the shearer picks.

The impact of the laser pulse would 
oscillate the surface of the coal samples 
if the coal powders were not prepared as 
briquettes. Moreover, to ensure the stabil-
ity and accuracy of the laser focus position, 
which directly affects the results of the LIBS 
experiment, the surface of the coal sam-
ples needs to be tight, uniform, and as flat 
as possible. Thus, all coal samples were 
sieved and compressed with 20 meshes 
at 10 Mp. The “rock” (gangue) was in its 
original stone form. The samples were 
shown in Figure 3.
 
The Simplified Spectral Model
In the LIBS experiment, each LIBS spec-
trum was acquired with 20 laser pulses 
at different sample points to reduce the 
data variations because of changes in 
experimental conditions. The emission 
spectra were recorded in a 240–480 nm 
wavelength range and contained inten-
sity information of 6074 wavelengths.  
The total number of samples was 50,  
and the samplings were performed 20 
times at different points on the sample 
surface as mentioned above. This meant 
that in the end all the data form a 6067 × 
1000 data matrix. Therefore, it was neces-
sary and important to establish a simpli-
fied spectral model (SSM) to quickly and 
accurately analyze the spectral data to 
ensure the feasibility of ACRR.

Output n
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Neuron

FIGURE 5: Simple neural network structure.
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Dimension reduction and classifica-
tion was the main purpose of the SSM. 
Partial least square discriminant analysis 
(PLS-DA) is a special kind of regression 
analysis used for classification problems. 
In the case of PLS-DA, its principal com-
ponents are linear combinations of fea-
tures; the number of these components 
gives the dimension of the transformed 
space. As a standard, the components 
are orthogonal to each other. There-
fore, an appropriate number of feature 
components are selected to establish 
the SSM.

The variable importance in projection 
(VIP) is a popular measurement tool in the 
PLS-DA literature (34). The VIP quantifies 
the response of each variable summed 
over all components and categorical 
responses, enabling the measurement 
of the global effect of each wavelength. 
The VIP score of a variable is calculated 
as a weighted sum of the squared correla-
tions between the PLS-DA components 
and the original variable. The weights 
correspond to the percentage variation 

explained by the PLS-DA component in 
the model (35,36).

The number of spectral lines of a simple 
spectral model (N) was the key issue. Figure 
4 showed the SSM with different numbers 
of spectral lines. Spectrum lines of the SSM 
were selected according to the VIP value 
from high to low, and the number is small 
to large.

The Artificial Neural Networks
The most important advantages of ANNs 
are: simultaneous action in parallel struc-
tures because they are composed of non-
linear information processors; good adap-
tation with the surrounding environment; 
and accurate mapping of the input and 
output data (37). The ANN model consists 
of an input layer, one or more hidden layers, 
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and an output layer. Each layer consists of a 
basic unit called a neuron or node. In bio-
logical structures, the units are connected 
by a synapse. The ANN synapse simulates 
the weight and bias, which connect each 
neuron to all neurons in a successive layer, 
as shown in Figure 5.

The equation 1 of each neuron output is 
expressed as reference (38):

n = f (∑wi xi – b),
i

 [1]

where f is the transfer function and xi, wi, and 
b are input, weight, and bias, respectively. 
The best example of this function is called a 
tansig, which is shown in Figure 5.

Because of the differences in the coal 
and rock characteristics of each coal mining 
face, before each new face is put into use, 
a certain amount of coal and rock spectra 
need to be collected on the spot for the 
new face to establish SMM and train ANN. 
The ANN has two steps: 1) network learning 
with the reference samples’ spectra (train-
ing); and 2) identification of an unknown 
spectrum by assigning it to a reference ma-
terial class (test). For the training process, 
the learning data input was divided into 
three parts: training (70%); self-validation 

(15%); and testing (15%). After training and 
self-validation, the models were validated 
using the test data. Unknown samples were 
identified after an optimized low error net-
work was constructed. The identification 
process was based on the ANN’s ability to 
detect the degree of similarity between the 
new spectrum and each reference spectra 
used in the training process.

The training was performed by feed-
ing many inputs into the network,and 
comparing the corresponding outputs 
with the targets by computing the error. 
The mean squared error (MSE) is the most 
common error measurement method in 
ANN training.

Results and Discussion
Tests were conducted to study the coal-
rock recognition capabilities of LIBS and 
ANN. In the first step, LIBS tested 10 group 
samples in ambient air for PLS-DA analy-
sis and training of the ANN. Each group 
included one raw coal sample, one me-
dium coal sample, one clean coal sample, 
one slime coal sample, and one gangue 
sample. A total of 50 samples were tested.  
Each LIBS spectrum was acquired with 
20 laser pulses at different sample points 

to reduce the data variations because 
of changes in experimental conditions.  
The delay time was approximately 1.28 μs.

The LIBS comparison spectra of one set 
of samples averaged (20 laser pulses at dif-
ferent sample points) obtained using the 
spectrometer are shown in Figure 6.

The PLS-DA score scatters plot of all 
50 samples are shown in Figure 7. The el-
emental composition and content of the 
four types of coals are different, which 
leads to distinct LIBS spectra for each type.  
This distinction was reflected in the PLS-DA 
scatter plot, as shown in Figure 7. Although 
the coal and rock were significantly differ-
ent, the types of coal analyzed also had 
their differences. The scattered points 
of different types of coal and rocks were 
gathered in different positions in the PLS-
DA scatter plot. This conclusion is not only 
used to recognize the coal and rock, but to 
also provide a theoretical basis for the fu-
ture use of LIBS in coal quality testing. The 
spectrum of gangue and coal had proven 
to be different in classification tests, and the 
degree of distinction can be used to accu-
rately predict the classification of coal and 
rock. The variation of the first two principal 
components was 0.669 and 0.152, respec-
tively. The square of the percentage of in-
formation retained from the original data,  
which is R2Y, was 0.967.

As mentioned above, a single spec-
trum was composed of 6067-dimensional 
vectors. Therefore, it was necessary and 
important to reduce the dimensionality by 
applying the simple spectral model.

The number of SSM variables (N) deter-
mines the effect and influence of SSM sim-
plifying the original spectral data structure 
and the accuracy of the ANN based on SSM 
to identify coal and rock. The number N of 
SSM variables should increase from 1, and 
variables are selected one by one accord-
ing to the VIP value of variables from high to 
low. N must enable the established SSM to 
retain the interpretation of the original data; 
that is, enable the ANN based on SSM to 
achieve good coal and rock recognition ac-
curacy, and N must be as small as possible 
at the same time. 

It is worth mentioning that when we 
classified and identified the coal and rock 
spectra, we considered not only the sta-
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tistical significance, but also the physical 
significance. In this study, considering that 
coal was a very complex substance, includ-
ing sulfides and oxides, we decided to use 
10 characteristic wavelengths to construct 
the SSM under the balance of simplifica-
tion and model accuracy. Since carbon is 
of obvious importance for the analysis of 
coal, and because carbon atoms have a 
large number of peripheral electrons that 
are difficult to ionize, their spectral intensity 
is affected. This may be the reason why the 
VIP value of carbon is not so high. So even if 
the VIP value of the carbon line (247.82 nm) is 
not in the top ten (VIP = 2.51), we decided to 
use it in SSM. The selected 10 wavelengths 
of SSM were listed in Table I. Taking the 
spectrum of a gangue sample and a clean 
coal sample as an example, the spectrum of 
6074 wavelengths data was reduced to 10 
wavelengths by SSM, as shown in Figure 8.

By using SSM, the data volume of 
single sample spectra decreased from 
6074 wavelengths to 10 wavelengths,  
which was a 99.8% data reduction as com-
pared to the raw data.

The simplified spectral model was 
used for the ANN input. The ANN clas-
sifier was designed by Matlab to have 
10 input neurons (10 variables of SSM),  
10 neurons in the hidden layer, and 2 neu-
rons (coal/rock) in the output layer.

The ANN classifier evaluation results 
were shown in Figure 9 (online). Figure 9a 
presented the training set, validation set, 
and test set error of each epoch. One epoch 
was equivalent to training once with all sam-
ples in the training set. As the ANN training 
times increased, the training error decreased.  
The training stopped when the best verifica-
tion performance (MSE = 10-2) of the ANN 
was achieved at the 73rd time (epoch), where 
there were 73 epochs in Figure 9a. The error 
curves of the three sets had a good corre-
lation. The trend of the curve gradually de-
creased until a suitable target was reached. 
The convergence was reached at epoch 73, 
which may have occurred because the train-
ing sample size was small.

Figure 9b showed the correlation coef-
ficients of the training set, the validation 
set, the test set, and all samples set. The R 
values of four sets are all greater than 0.97. 
The coal-rock interface was random during 

the actual cutting process. Therefore, we 
made a physical model of a simulated coal 
mining face, with randomly distributed coal-
rock interfaces to verify the effectiveness of 
the ANN, as shown in Figure 10 (online).  
The model is 1.7 meters long and 1.2 me-
ters wide. The sampling points were sepa-
rated by 0.1 meters, and the recognition 
result of the sampling points was used as 
the recognition result of the square where 
the sampling points were located. A total of 
204 sampling points were evenly distributed 
in the area to be identified, and the coal 
and rock distribution of the simulated coal 
mining face would be described by these  
204 squares. The results of coal and rock 
recognition at sampling points were shown 
in different colors. Black indicated that the 
recognition result of the sampling point was 
“coal,” and gray indicated that the recogni-
tion result of the sampling point was “rock.”

The results of the 204 test points are 
shown in Figure 11 (online). The recogni-
tion results were analyzed combined with 
the coal-rock sample, as shown in Figure 12 
(online). The red box in the figure marked 
the sampling points that were clearly rec-
ognized incorrectly. Because such sam-
pling points were close to the coal-rock 
interface, the amount of gangue in the 
coal increased significantly, which lead to 
a misjudgment. The blue box marked the 
sampling point for which the recognition 
result was suspicious. There were both 
coal and rock in the area, so the reason 
for determining it as rock may be that the 
sampling point did fall on the rock, or it 
may be that the sampling point fell on the 
coal but was misjudged as rock. Therefore, 
the number of sampling points for coal and 
rock recognition errors is 2–4, and the ac-
curacy of sampling point recognition is 
98.03% to 99.01%. The recognition results 
of coal-rock recognition were close to that 
of the actual interface. The experimental 
results proved that the new ACRR method 
presented in this paper is accurate and ef-
fective, and has the inherent advantages 
of LIBS, such as (but not limited to) speed, 
safety, in situ measurement, and low cost.

Conclusions
This study classified coal and rock using 
LIBS combined with PLS-DA and an 

ANN algorithm for ACRR. The classification 
model consisted of three steps. First, 50 
samples were tested via LIBS in ambient air, 
and the emission spectra were recorded 
in a 240–480-nm wavelength range. We 
then used PLS-DA to analyze the spec-
tra of all the samples to obtain 10 wave-
lengths to construct the SSM. Finally, we 
used ANN to classify the 50 samples based 
on the SSM. ACRR was achieved using  
this classification.

The results showed that the classifi-
cation model’s accuracy was over 97%. 
Furthermore, the data volume decreased 
from 6074 wavelengths to 10 wavelengths, 
demonstrating that the SSM is accurate 
and less time-consuming than other 
methods. These experiments verified that 
automatic coal-rock recognition by LIBS 
combined with an artificial neural network 
can be used for the efficient, fast, and ac-
curate classification of coal and rock. It is 
worth mentioning that, from the PLS-DA 
scatter plot (Figure 7), it can be seen that 
the difference not only exists between coal 
and rock, but also has a good distinction 
between different types of coal, providing 
a theoretical basis for the future use of LIBS 
in coal quality testing.
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Solution-Based Glow Discharges for 
Atomic Emission Spectroscopy 
Come of Age

The solution-cathode glow discharge 
(SCGD) is a low-power, atmospheric-
pressure, ambient-atmosphere mi-
croplasma that is proving to be 
a proficient excitation source for 
atomic emission spectroscopy (AES).  
The analytical figures of merit of SCGD-
AES experiments often compete with 
established, conventional approaches 
despite the fact that it is a simple, 
small, low-cost instrument. The operat-
ing principles of the SCGD are reviewed 
here, including experimental operating 
parameters, plasma conditions, analyti-
cal performance, matrix interferences,  
and application examples.

Nicholas Hazel, Jaime Orejas, and Steven Ray

A   new class of miniaturized  
 plasma sources that exploit the  
 liquid–plasma interface of an at-

mospheric pressure glow discharge are 
gaining popularity as excitation sources 
for atomic emission  spectroscopy (AES). 
Reports of glow discharge electrolysis date 
back to at least 1887, but it was not until 1993 
that the first modern instrument for AES 
was developed by Cserfalvi and coworkers 
(1). The solution-cathode glow discharge 
(SCGD) experiment is much different from 
conventional plasma or flame-based AES 
strategies. In SCGD-AES, the plasma itself 
is responsible for sampling material di-
rectly from a liquid sample solution, as well 
as desolvating, vaporizing, atomizing, and 
exciting the constituent atoms for quantita-
tion by emission  spectroscopy. Since the 
introduction of SCGD, several decades of 
instrumental refinement and an improved 
fundamental understanding of the plasma 
has allowed it to achieve analytical perfor-
mance comparable to traditional AES and 
atomic absorption approaches (2,3). 

The potential advantages of using a 
miniaturized plasma, like the SCGD, in 
place of the argon inductively coupled 
plasma (ICP) or pre-mix flames were imme-
diately recognized. The SCGD operates in 
the open ambient atmosphere and does 
not require compressed purified argon or 
flammable gases. The miniaturized plasma 

also requires only modest power (100 W) 
and uses simple electronic circuitry com-
pared to the popular 1 kW radio-frequency 
ICP. Because the SCGD plasma directly 
samples the analytical solution, there is 
also no need for the nebulizers and spray 
chambers that are used with other meth-
ods. Moreover, because the liquid surface 
is constantly regenerated by a flowing 
stream, memory effects are nearly elimi-
nated, and the plasma is naturally suited 
to coupling with chromatographic sepa-
rations. The discharge predominantly 
produces neutral atomic emission lines, 
leading to a relatively uncluttered emis-
sion spectrum. Although the SCGD is 
certainly not a panacea to all limitations, 
these attributes make the SCGD attractive 
as a simple, low-cost AES excitation source 
with significant advantages best suited 
for applications like continuous, portable 
monitoring studies. 

The SCGD Experiment
A schematic of a typical SCGD experi-
ment is shown in Figure 1. The SCGD is 
an ambient atmosphere, atmospheric-
pressure glow discharge formed 
between a metal pin-type anode 
electrode (tungsten, titanium, or mo-
lybdenum) and the liquid surface of a 
sample solution, which acts as the dis-
charge cathode. The SCGD is sustained 
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by a potential of 700–1000 V, requir-
ing a power of approximately 100 W.  
The electrical circuit is completed by a 
graphite rod or a platinum wire placed 
within the liquid waste reservoir, and 
the circuit often includes a ballast re-
sistor to prevent arc formation. A peri-
static, or syringe, pump is used to in-
troduce samples into the discharge 
capillary at a typical rate of 1–3 mL/min.  
As the liquid emerges from the capil-
lary tip (0.4 mm i.d.), the liquid surface 
forms a cathode that is constantly 
replenished by the flowing stream.  
Excess liquid that is not sampled into the 
discharge overflows from the capillary tip 
into the waste reservoir. 

Samples are typically prepared as acidic 
solutions (1% HNO3). Because the solution 
forms a part of the electrical circuit, main-
taining constant solution conductivity is an 
important factor in ensuring a reproducible 
response. A variety of supporting electro-
lytes, detergents, and chemical additives 
have been reported as means of controlling 
solution conditions. Overall, most studies 
have shown that a low solution pH is the 
most important factor for optimum AES 
response in the SCGD, which makes acid 
digestion a particularly convenient sample 
pretreatment method. Atomic emission that 
originates in the SCGD is captured and ana-
lyzed in the typical manner, although many 
studies make use of portable fiber-optic-
based spectrometers.

A large number of discharge geometries, 
solution conditions, and powering schemes 
have been reported, and several are criti-
cally compared in recent reviews (2–5).  
One popular modification of the SCGD is 
to simply reverse the applied voltage po-
larities, forming a solution-anode glow dis-
charge (SAGD). The SAGD retains many of 
the benefits of the SCGD (low power, sim-
ple spectra, and no support gas required),  
but it has been found to provide enhanced 
sensitivity and limits of detection to se-
lect elements, including silver, bismuth,  
cadmium, mercury, indium, thallium,  
and zinc (6). The SAGD is sustained over 
the same current and voltage range as the 
SCGD and can use modestly acidified sam-
ple; thus, it can be sustained in the same 
instrumental arrangement as the SCGD.

Analytical Capabilities of the SCGD
A representative SCGD atomic emission 
spectrum is shown in Figure 2. The back-
ground emission from the SCGD plasma 
differs from argon-based plasmas such as 
the ICP. Significant broadband molecular 
background features exist in the range of 
250–350 nm because of emission from NO, 
OH, and N2. The OH (A2Σ+ → X2Π) emis-
sion bandhead at 306.4 nm is a particularly 
significant feature because the SCGD is 

essentially a water vapor-based discharge. 
Nitrogen vibronic emission N2 (C

3Π → B3Πg) 
at 337.1 nm and NO (A2Σ+ → X2Π) at 247.9 
nm arise from N2 penetrating the interior 
of the discharge from the surrounding at-
mosphere. Background atomic emission is 
also common (oxygen at 777 nm, oxygen at 
846 nm, hydrogen at 486 nm, and hydrogen 
at 656 nm). Figure 2 also includes atomic 
emission lines of several analyte elements, 
including gallium, indium, thallium, sodium, 
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lithium, and cesium in a 0.1 M HNO3 matrix. 
Neutral atomic emission lines are prevalent 
in the emission spectrum, and emission 
from ionic lines is weak or nonexistent. 
Atomic lines used for quantitative analysis 
are often commonly used in ICP or flame 
emission  spectroscopy, or they are selected 

based on the spectral regions where the 
spectral background is low.

Figure 3 summarizes current SCGD-AES 
limits of detection (LODs) for the elements 
across the periodic table, where each ele-
ment is color coded according to approxi-
mate LOD. The lowest LODs are found with 

group I alkali metals, (0.16 µg/L for lithium, 
0.04 µg/L for sodium, 0.09 µg/L for potas-
sium, and 1.1 µg/L for cesium), which are 
values that compare well to those offered 
by modern ICP-AES instruments. Group 
II alkali earth metals show slightly higher 
LODs (3 µg/L for magnesium, 11 µg/L for 
calcium, and 210 µg/L for strontium). Tran-
sition metal LODs vary significantly by el-
ement, but often fall between 1–10 µg/L  
(0.011 µg/L for indium, 0.18 µg/L for silver, 
1.1 µg/L for lead, 13 µg/L for cadmium, 
and 12 µg/L for copper) (2–4). To our 
knowledge, no data on the analysis of 
lanthanides and actinides have yet been 
published, although we have analyzed 
scandium, yttrium, and lanthanum in our 
laboratory using the metal oxide vibronic 
emission and measured LODs of 560 µg/L 
for yttrium, 2000 µg/L for scandium, and 
3700 µg/L for lanthanum. Metalloids (such 
as tin, antimony, and arsenic) are not ana-
lyzed under typical SCGD conditions, but 
they are often introduced to the plasma 
as hydrides yielding low LODs (for ex-
ample, 0.3 µg/L for arsenic, 0.36 µg/L for 
antimony, 0.2 µg/L for selenium, and 92 
µg/L for mercury). Of special note are the 
poor LODs or complete lack of emission 
of elements with high oxide bond strength  
(for example, above 550 kJ/mol), such as 
boron and tin. This comes as a conse-
quence of the water-vapor nature of the 
SCGD and SAGD plasma, which encour-
ages formation of oxide and hydroxides. 

In general, calibration curves of many 
elements are reported to be linear over 
4–5 orders of magnitude, with limits of lin-
earity that often extend beyond 100 mg/L. 
Signal precision with a relative standard 
deviation (RSD) less than 1% are routinely 
reported. Generally, matrix interferences 
are moderate in severity. Signal suppres-
sion caused by high concentrations of 
easily ionized elements (EIEs), such as 
sodium, potassium, and lithium present 
as concomitant species in a sample has 
been reported. Most literature reports in-
dicate that EIEs present at concentrations 
above 100 mg/L will measurably suppress 
emission signal, whereas other interfer-
ents show significantly lesser suppression 
effects even at concentrations of several  
hundred ppm.
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FIGURE 1: Schematic of a typical SCGD experiment.

Wavelength (nm)

In
te

ns
it

y 
(c

p
s)

240 300 400 500 600 700 800 900 1000
180000

380000

580000

780000

980000

1180000

1380000

1580000

1780000

1980000 OH A2∑+ → X2Π

N
2 C

3 Π
µ →

 B
3 Π

g

G
a 

I 4
03

.2
nm

In
 I 

41
0.

1n
m

In
 I 

45
1.

1n
m

TI
 I 

53
5.

0n
m

N
a 

I 5
88

.9
nm Li
 I 

67
0.

7n
m

O
 I 

77
7n

m

O
 I 

84
6n

m

H
α 

I 6
56

.3
nm

H
ß

 4
86

.1
nm

G
a 

I 4
17

.2
nm C

s 
I 8

52
.1

nm

C
s 

I 8
94

.3
nm

FIGURE 2: Example of an SCGD atomic emission spectrum.

SCGD and SAGD Limits of Detection

1
1

2
2

3
3

4

4

5

5

6

6 8 9 10 11 12

13 14 15 16 17

18

7

7

Under 1ppb

1 - 100ppb

100 - 1000ppb

Over 1000ppb

Electrode Material

Li

Na Mg

K Ca Ti Cr Mn Fe Co Ni Cu

Ag

Au

Zn

Cd In

TIHg*
* * *

*

* *

Sn*

Ge* As*

Sb*

Bi*Pb

Te

Br

CI

Se*
Ga

AI

Rh PdMo

W

Rb

Cs La**

Sc**

Y**Sr

FIGURE 3: Summary of current SCGD-AES limits of detection (LODs) for ele-
ments across the periodic table. Color key to the right of the periodic table 
graph shows approximate LODs.



February 2023   Spectroscopy 38(2)  35www.spectroscopyonline.com

FEATURED ARTICLE

The SCGD and the 
Plasma–Liquid Interface 
Many of the analytical capabilities of the 
SCGD-AES technique can be traced to 
its unique structure. The plasma forms 
directly atop the liquid sample solution 
surface, and material in the liquid phase 
is directly removed by the glow discharge 
to be excited in the plasma. Therefore, 
both the glow discharge conditions and 
liquid–plasma interface are important as-
pects of its performance. Study of the glow 
discharge plasma has confirmed that the 
SCGD is essentially a water-vapor atmo-
spheric pressure glow discharge. As shown 
in Figure 4, the distinct glow discharge 
spatial structure is easily recognizable in 
the SCGD. The positive column of the dis-
charge comprises much the SCGD length; 
however, the cathode glow possesses the 
greatest electric field. Interestingly, most 
elements show greatest atomic emission 
in the regions nearest the liquid surface, as 
shown in Figure 4. Several researchers have 
exploited this unique spatial structure to 

improve LODs by spatially profiling atomic 
emission or by collecting atomic emission 
over specific regions of interest (7). 

Plasma diagnostic measurements of the 
SCGD have found the gas temperature 
of the SCGD plasma to be approximately 
Trot(OH) = 3500 K, the excitation tempera-
ture to be Texc(H) = 5300 K, and the electron 
number density to be approximately ne = 
1014 cm-3 (8). In each case, these diagnos-

tic values are lower than the ICP (ne: ~1015 
cm-3, Tg = 7500 K, Texc = 7500 K). Thus, high-
energy line excitation and ionization are not 
prevalent in the SCGD, and matrix interfer-
ences related to easily ionizable elements 
can occur. However, the SCGD does have 
a gas temperature and ne greater than a 
conventional flame; thus, the SCGD is not 
as susceptible to common chemical inter-
ferences (that is, SO4 or PO4). Greatest AES 
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sensitivities and lowest LODs in the SCGD have been demonstrated 
while measuring neutral atomic lines. 

There is considerable interest in understanding the plasma–liquid 
barrier within the SCGD and similar plasmas (7,9). The magnitude 
of the electric field near the cathodic solution surface in the SCGD 
has been estimated to be greater than 107 V/m (7). The presence 
of the plasma in such close proximity to the liquid surface creates a 
high thermal gradient (106 K/cm) (7). Interestingly, a significant con-
centration of solvated electrons has also been found to exist at this 
interphase barrier (10). From the perspective of the AES application, 
the critical mechanism under study is the transport of material from 
the liquid to the plasma, and a number of mechanisms have been 
hypothesized. Recently, studies have shown that the plasma is not 
homogeneous, but rather composed of a number of individual ten-
drils, as shown in Figure 5a. These tendrils originate in the positive 
column and branch out toward the cathode surface. Each tendril 
forms a unique cathode spot on the liquid surface from which atomic 
emission is often collocated. The tendrils move rapidly over the so-
lution surface, releasing droplets from the surface into the plasma.  
The electric field near the liquid surface of the SCGD is also sufficient 
to support electrospray jet formation, and indeed, several studies 
have reported observation of Taylor cones at the liquid surface (3,7,9). 
As shown in Figure 5b, imaging using low-angle laser light scattering 
reveals that the surface of the solution is highly perturbed, and the 
presence of a large number of droplets ejected from the liquid into 
the plasma (11). These observations suggest that material could be 
moved into the plasma by an electrospray mechanism. 

Applications
The SCGD excels at the determination of trace and ultratrace ele-
ments in sample solutions that are of a conserved type and that 

are readily adapted to the conductivity requirements of the sam-
ple preparation. Trace-level analysis applications, such as ground 
water analysis, bottled water analysis, and waste effluent streams, 
by direct analysis have been reported. More complex samples have 
also been quantitatively analyzed for trace-level elemental content 
with only minor sample pretreatment, including vaccines, honey, 
wine, spruce needles, trace metal in silica colloids, nanoparticles, 
and fruit juice samples (3). Like in conventional ICP-OES, more 
complex sample matrices are usually acid digested before analysis 
via SCGD. For example, Mo and coworkers digested human hair 
and stream sediment for lead quantitation, achieving a LOD of  
0.91 µg/L. A more comprehensive list of applications is available in recent  
review articles (2–5).

Because the SCGD analyzes a continuous flowing liquid stream 
with a surface that is constantly replenished, coupling the SCGD 
to chromatographic separations is simple. Several liquid chroma-
tography (LC) separations (for example, speciation of chromium) 
have been reported. Schwartz and others reported development 
of a novel ion chromatography approach known as replacement 
ion chromatography. Here, the exceptional sensitivity of the SCGD 
to lithium emission is exploited to indirectly determine anion spe-
cies, including F- and Cl-, with LODs below 1 ppm (12). The rapid 
response of the SCGD makes it particularly attractive for flow-in-
jection analysis (FIA) strategies. Shekhar and coworkers reported 
the development of an FIA strategy for mercury determinations 
in ground water samples, achieving a 1 ng absolute mass detec-
tion limit. Schwartz and others used FIA-SCGD and a simple in-
terference filter wheel for the analysis of several elements, includ-
ing lithium, sodium, potassium, and rubidium, demonstrating  
1–10 ng/mL LODs. The use of FIA is particularly effective when 
coupled to preconcentration schemes. For example, analysis of 
chromium, mercury, and lead was performed using an in-line col-
umn with treated mesoporous silica placed before analysis using 
SCGD-AES. Using this preconcentration SCGD-AES scheme,  
LODs of 0.75 µg/L, 0.91 µg/L, and 0.75 µg/L for cadmium, lead,  
and mercury, respectively, were achieved (3).

Hydride generation (HG) and chemical vapor generation (CVG) 
sample introduction approaches are particularly effective when 
used with the SCGD. Elements such as arsenic, antimony, sele-
nium, germanium, and tin are not amenable to direct atomic analy-
sis via SCGD or SAGD because of either high excitation energies 
or high oxide bond strengths. These elements are often analyzed 
by hydride generation prior to SCGD-AES (that is, AsH3 and SnH4), 
which separates the analyte from the matrix and acts as sample pre-
treatment. Using hydride generation also permits complex sample 
matrices to be analyzed; for example, using a hydride-generation 
modified SCGD, Greda and coworkers recently demonstrated 
a LOD of 0.066 µg/L for mercury in digested moss samples (13).  
Peng and others studied gas streams of argon and helium com-
bined with HG-SAGD for the determination of lead, reaching an 
LOD of 0.061 µg/L (14). Guo and coworkers determined arsenic with 
an LOD of 0.3 µg/L, demonstrating arsenic speciation (As(III) and 
As(V)) (15). An especially creative way to create volatile antimony spe-
cies was reported by Zhu and coworkers. Here, a small amount of hy-
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FIGURE 5: (a) The SCGD without capillary. Shutter speed was 
1/4000 s. (b) Photo of the surface of the SCGD with a capillary. 
Viewed at 15 degrees from an incident 658-nm laser.
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drogen gas added to a helium-supported 
SAGD allowed single-step hydride forma-
tion and analysis of antimony solutions,  
with an LOD of 0.85 µg/L (16). 

Alternative Geometries and
Other Research Directions
The SCGD is a robust and flexible plat-
form for AES that many research groups 
are adapting for a variety of applications. 
Various alternative methods of power-
ing the SCGD plasma, such as alternating 
current (AC) waveforms, or microsecond 
pulsed discharges for high instantaneous 
power have been investigated. A variety 
of different cathode structures and shapes 
have also been reported. Our laboratory 
has recently developed a horizontal, slit-
shaped discharge cathode by forming the 
plasma between a wedge-shaped titanium 
anode and a hollow rectangular capillary.  
A schematic of this plasma is shown in Fig-
ure 6 along with close-up photos of the 
plasma while sampling indium and thal-
lium, and it was shown that this geometry 
is able to improve sensitivity by as much 
as 30 times compared to the conventional 
SCGD system. A battery-operated form of 
the SCGD experiment developed by Peng 
and coworkers achieved LODs of 7 µg/L, 92 
µg/L, 23 µg/L, and 10 µg/L for elements cad-
mium, mercury, lead, and zinc, respectively 
(17). Continuous battery-powered analysis 
could be performed for approximately 4 h.

In several instances, the SCGD has been 
used as a means to generate volatile spe-

cies for subsequent analysis using a dif-
ferent AES technique, such as ICP-AES. 
Solutions containing the analytes of inter-
est are introduced to the SCGD, and vola-
tile species passed through a gas–liquid 
separator before introduction to the ICP. 
This method showed an increase in sensi-
tivities from 10–30 times compared to con-
ventional nebulization, achieving LODs of 
0.3 µg/L for iodine, 0.51 µg/L for osmium,  
and 0.22 µg/L for mercury (18–20). 

Liquid–plasma discharges have also 
found utility an ionization sources for atomic 
and molecular mass spectrometry (MS). 
Shelley and coworkers have used the SCGD 
as a molecular ionization source, dem-
onstrating that elemental species (for ex-
ample, uranium and uranium oxide), small 
molecules, and proteins up to 2200 Da 
can be analyzed as intact protonated ions 
(21). LODs from 0.4 to 1 ppb for elemental 
species, including uranium as UO2 were re-
ported, while the LOD for the chemical war-
fare simulant triethyl phosphate (TEP) was 
determined to be approximately 0.2 ppb. 
Interestingly, the fragmentation pattern of 
the protein could be encouraged by chang-
ing SCGD conditions. Marcus and cowork-
ers have demonstrated a combined atomic 
and molecular (CAM) ionization source 
based on a liquid–plasma of a similar type 
that can be retrofit directly to commercial 
molecular mass spectrometers. They have 
demonstrated isotope ratio measurements 
with excellent accuracy and precision, and 
have recently demonstrated analysis of 

87Sr and 87Rb with sufficient resolution and 
accuracy to be used in geological dating  
applications (22). 

The unique environment of the plasma–
liquid interface has also been exploited 
beyond the scope of analytical  spectros-
copy. Liquid–plasma discharges have been 
applied applications as diverse as the syn-
thesis of nanoparticles, bacterial inactiva-
tion, wound healing, and water treatment.  
The wide breadth of areas of investigation 
speak to the versatility and the wide utility 
of these plasma–liquid structures (3–5,23). 

Conclusions and Future Directions
The SCGD is a unique AES source concept 
with analytical utility that is largely untapped. 
The SCGD-AES ease of use, compact de-
sign, good analytical performance, and 
wide elemental applicability can be applied 
with little operational cost. Research efforts 
intended to address the current limitations 
of the SCGD-AES approach are ongoing. 
Improving detection limits and addressing 
analysis of elements with poor analysis per-
formance (for example, elements that form 
strong oxide bonds) is being addressed by 
studying methods to increase the power 
density and temperature of the SCGD 
plasma. New strategies for hydride genera-
tion have also been explored, and novel pre-
concentration and segmental flow sample 
treatment schemes created to explore new 
and more complex applications. As im-
portant, research aimed at understanding 
the fundamental aspects of plasma–liquid 
boundary continues. As mechanistic under-
standing of this novel interface improves, 
new understanding will certainly be applied 
to improve the SCGD-AES application. 
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The HyperFine virtually imaged phased array based 
picometer resolution spectrometers are easy to use and 
perform well, making them ideal instruments for  
numerous applications.

E xtremely high-resolution spectrometers allow for new applications and discoveries and are 
quickly becoming the instruments of choice in a wide range of industrial and research fields. To 
learn more, Spectroscopy sat down with Alexander Beaton [Senior Scientist, LightMachinery] 

to discuss the HyperFine virtually imaged phased array based picometer resolution spectrometers. 
These include applications like laser characterization, plasma studies, and Brillouin measurements 
for biological applications.

SPECTROSCOPY: Can you tell us a little bit about LightMachinery?
BEATON: As a relatively new team member at LightMachinery, it’s been an exciting time for me to 
learn about their differentiating technologies and to be part of a growing team. LightMachinery 
was founded in 2002, so we’re having a great time celebrating our 20th year in business. We’re 
producing precision optics, pulse gas lasers, and spectrometers. We’ll be focusing some of the 
conversation today around the spectrometers, for which the product launch was in 2016. We  
built a complete line of spectrometers and custom-built spectrometers for aerospace and  
research applications.

SPECTROSCOPY: What characterizes LightMachinery spectrometers and what can they be 
used for?
BEATON: LightMachinery is pushing the leading edge of measurement technology. In particular, 
we’re focused on picometer resolution and ultra-high throughput. The primary goal is to work 
with scientists to create new capabilities and try and unlock those new discoveries and make even 
more challenging measurements. Spectrometers can be used in various demanding applications 
such as laser characterization, plasma measurements, and Brillouin spectroscopy; it’s quite a wide 
range. In the latter two cases where time is of the essence, the ability to provide high-resolution 
measurements across an entire wave bend is of interest. It can make a big difference for some of 
our customers. Some of the competitors’ devices mechanically scan, which takes time. It can take 
seconds or minutes that the HyperFine spectrometer doesn’t need to process the entire spectrum. 
This is a major advantage for applications where plasma analysis and Brillouin scattering 
measurements are involved.

SPECTROSCOPY: What are the underlying technologies that enable such performance?
BEATON: There are a couple of key technologies. There are different types of spectrometers, but 
the most common one that you find in LightMachinery we call the HyperFine. The heart of the 
spectrometer is a virtually imaged phased array. It’s a special type of high-throughput Fabry–Pérot 
etalon. It’s effectively a grating, but with 50x higher dispersion. The great thing for us is that we’re 
currently the world leader in designing and manufacturing these VIPAs [virtually imaged phased 

Real-Time Picometer Resolution Spectrometers

Alexander Beaton
Senior Scientist
LightMachinery, Inc.

arrays]. This is partially thanks to some differentiating technology we have 
called fluid jet polishing, as well as the years of experience dealing with 
precision optics. Many researchers that we deal with aim to use our VIPAs 
for spectroscopy, and we’ve tried to help them out by developing a product 
line that serves their interest and incorporates this VIPA technology in place 
of them having to develop their own.

SPECTROSCOPY: Is this as simple as using a VIPA instead of  
a grating?
BEATON: Almost, but not quite. They really need to work together. A VIPA 
by itself provides high dispersion, but the complexity of the overlapping 
orders that you get limits the usable spectral range. In the LightMachinery 
HyperFine spectrometers, the VIPAs are cross dispersed with a grating. This 
separates the overlapping orders and allows us to provide a much wider 
spectral range. So, we have this great combination of picometer resolution 
and wide spectral range that many of our customers are interested in.

SPECTROSCOPY: You mentioned laser characterization. Can you  
tell us how this combination of resolution and range plays out  
in this context?
BEATON: There are many industrial and research contexts in which 
knowing the precise characteristics of the spectral content of the laser is 
required. Sometimes, compact standards spectrometers are well suited, 
but in other cases, they have insufficient resolution to fully understand 
what’s going on. For example, we often measure lasers that appear to be 
single frequency with a sub-nanometer resolution spectrometer. However, 
upon remeasuring with our picometer resolution spectrometers, we 
uncover multiple modes with close proximity. LightMachinery developed 
the HyperFine etalon-based product line specifically to address laser 
characterization. In addition to the high resolution, the purpose-built 
instruments that we’ve been able to provide are more compact; they’re 
very robust and have fast measurements. Typical grading spectrometers 
capture, at most, a few thousand spectral elements simultaneously, 
and are limited by the availability of pixel arrays that they use. Because 
our spectrometers are a 2D pattern, we use megapixel cameras, and 
we get tens of thousands of spectral elements and capture them all 

simultaneously. For instance, we developed a general-purpose laser 
characterization spectrometer capturing in a single shot the full visible 
spectrum at 10 picometer resolution, which we were very excited about. 
Alternatively, if you have a more specific application that demands high 
resolution, we can pull in the spectral range a little bit and provide sub-
picometer models.

SPECTROSCOPY: Is the technology compatible with pulsed lasers?
BEATON: That’s a question we often get, and yes, it is. It’s an important 
characteristic of our spectrometer technology. The spectrum is captured 
in single shot. There is none of the scanning of optical or mechanical 
components required that would add additional time to the measurement 
capture. It makes HyperFine spectrometers well suited for continuous wave 
and pulse sources. We’re including right down to femtosecond lasers. This 
also means that we can do fast acquisition rates. For instance, one of our 
recent customers wanted to monitor the full spectrum of their pulsed laser 
with a reputation rate of 900 Hertz. The measurement was made possible 
with the use of a LightMachinery HyperFine spectrometer

SPECTROSCOPY: You also mentioned Brillouin spectroscopy. Can you 
tell us more about that, starting with what it is?
BEATON: It was a steep learning curve for me at the beginning of joining 
LightMachinery, but now that I understand it a little better with some 
of the help from the experts at LightMachinery, I think it’s an exciting 
technology that is, in some ways, getting going with the technology that 
we’re developing. Relay spectroscopy is a technique that lets you study 
the mechanical properties of materials without touching them. We do this 
by shining a laser on the sample and measuring the energy shift in the 
scattered light. This energy shift is very small, so it’s difficult to detect, but 
our system has a very high contrast and high sensitivity. So, we’re able to 
detect these tiny changes with great precision. This can be used in many 
different fields from biomedical research to studying materials under 
extreme pressure. You can even use it to study spin waves which are 
current of electron angular momentum, which can be used in electronics, 
for instance. Overall, our system is a powerful tool for studying the 
mechanical properties of materials in a noninvasive way.

LightMachinery is a leading manufacturer of picometer resolution spectrometers based in Canada’s capital, Ottawa.  
To learn more, please visit www.lightmachinery.com.

http://www.spectroscopyonline.com
http://www.lightmachinery.com
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This application note details how Raman spectros-
copy can be used as a tool for food & drink security.  
Here, the technique is used to determine the authen-
ticity of whisky samples by both determining the  
ethanol % and detecting the presence of methanol. 

Introduction
Fraudulent sales of spirits is a concerning and potential-
ly dangerous way in which vendors try to increase their 
profits. There are two common ways in which alcohol is 
sold illegally; firstly is the sale of watered-down alcohol. 
The second issue seen is more sinister, where methanol 
is used in spirits, instead of ethanol. While ethanol is 
metabolised in the liver, methanol is toxic to humans. 

Determining the % ethanol in bottles of whisky 
is required to ensure products are being sold au-
thentically and checking there is no methanol pres-
ent in bottles is critical for keeping products safe.  
This application note details how Raman spectros-
copy can offer quantitative and qualitative analysis of  
whisky samples. 

Materials and Methods
An RM5 Raman Microscope equipped with a 785 nm 
excitation laser and a cuvette holder was used for the 
analysis. To create the calibration curve aqueous solu-
tions of ethanol were made and Raman spectra taken 
for each solution and sample using the same measure-
ment conditions. Secondly, a whisky sample was spiked 
to create a whisky solution with 10% methanol concen-
tration. A comparison between whisky, spiked whisky, 
and methanol was carried out.

Verifying Ethanol Content
To create the calibration curve for ethanol, a known 
peak was selected at approx. 880 cm-1 attributed to the 
C-C-O symmetric stretching vibration. The peak area 
increases linearly with increasing ethanol concentra-
tion and using these data points a calibration curve is  
created (Figure 1a). 

Using the equation of the line the ethanol content of 
the whisky samples can be determined and plotted on 
the calibration curve. The two whisky samples both had 

the ethanol % stated on their bottles. To further show 
how Raman spectroscopy can be used quantitatively,  
a sample was diluted, and its Raman spectrum acquired. 
As expected, the area of the ethanol band decreases, 
and the calibration curve allows the ethanol % to be  
calculated at 32.6%.

Identifying Methanol in Whisky
Despite being so close chemically, methanol and etha-
nol have different Raman spectra. When using Raman 
spectroscopy to check for the presence of methanol 
two bands are generally used, at approx. 1035 cm-1 and 
approx. 2845 cm-1. Focusing on the peak at 1035 cm-1,  
its presence in the spiked sample is clear and obvious 
proving the effectiveness of Raman spectroscopy at 
methanol detection (Figure 1b).

Conclusion
This application note has demonstrated both the quali-
tative and quantitative use of Raman spectroscopy. 
Quantitatively, whisky ethanol % can be determined, 
and, qualitatively, the presence of methanol can easily 
be detected. Samples can be analysed rapidly making 
Raman spectroscopy an ideal technique for ensuring 
whisky is being sold safely and legitimately. 

Whisky Analysis by Raman Spectroscopy
Angela Flack, Edinburgh Instruments
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Figure 1: Ethanol calibration curve and whisky samples  
(b): Offset normalised Raman spectra of ethanol, methanol, 
whisky, spiked whisky.
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Introduction
Knowing the degree of unsaturation and relative amounts of 
cis and trans isomerization in edible oils and fats is important 
in today’s food industry. This is necessary for both process 
and quality control, and is required nutritional information in 
food labeling.

Total oil and fat unsaturation is presented as the Iodine 
Value (IV). The IV is currently determined by titration or chro-
matographic techniques. These approaches are only used in 
the laboratory for off-line analysis because they require ex-
tensive sample preparation and take a long time to perform 
the measurements. However, there is a growing need for  
off-line process monitoring and control.

Raman spectroscopy is a technique for laboratory or pro-
cess measurements in oils and fats (1). We present evidence 
that this analysis can be conducted with dispersive Raman 
instrumentation designed for process control.

Experimental
A Raman analyzer, operating at 532 nm, was used to collect the 
Raman data. Depending on the sample, signal was collected 
for 60-300 s. 

Determination of total unsaturation 
Figure 1 shows the Raman spectra of butter, margarine, veg-
etable oil and vegetable shortening between 1150 and 
1775 cm–1. Total unsaturation can be determined quanti-
tatively by measuring the ratio of the C=C stretch (vC=C) 
centered at 1661 cm–1 to the CH2 scissoring deformation 
(δCH2) at 1444 cm–1 (1). Calculating band intensity ratios 
is a straightforward approach to quantifying total unsatu-
ration. Visual inspection of the spectra provides a quick 
initial understanding of lipid saturation. The position and 
width of the band at ~1444 cm-1 and ~1661 cm-1 will shift 
to a lower Raman shift and become more narrow with  
increasing saturation.

Cis isomer content
Cis isomer content can also be determined from the Raman 
spectrum. The band at 1272 cm–1 is attributed to in-plane 

=C–H deformation in an unconjugated cis double bond.  
The intensity of this band ratioed to the in-phase methylene 
twisting vibration at 1306 cm–1 provides a direct cis isomer 

measure ment. This is illustrated by comparing the Raman 
spectrum of vegetable oil with that of partially hydrogenated 
vegetable shortening. Hydrogenation results in a preferential 
decrease in the cis/trans isomer ratio. In Figure 1, unhydroge-
nated vegetable oil contains significantly more cis isomer char-
acter than partially hydrogenated vegetable shortening.

Conclusion
The high-throughput Raman analyzer permits the use of low 
laser powers and short exposure times for remote Raman 
measurements. Its rugged construction and compatibility 
with fiber optic sampling probes make it well suited to appli-
cations outside the laboratory environment. This technique is 
well suited to the on-line determination of total unsaturation 
and cis isomer level in commercial oil and fat samples.
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Introduction
Methanol is an important feedstock in the chemical industry 
that can be used to produce useful oxygenated chemicals such 
as formaldehyde, acetic acid, methyl formate, and dimethoxy-
methane. Among these oxidation products, dimethoxymeth-
ane (DMM) has been receiving more attention as a raw material 
to synthesize high value-added products like methoxy acetate, 
ethylene glycol, and polyoxymethylene dimethyl ethers (PODE). 

Experimental
In this work, the Harrick Praying MantisTM diffuse reflectance 
accessory was used in conjunction with the High Temperature 
Reaction Chamber (Figure 1) and Harrick Temperature Con-
troller to monitor the reduction of a silica supported iron mo-
lybdenum catalyst (Fe2[MoO4]3 - MoO3 /SiO2) with methanol.  
The reduction of the catalyst was performed under methanol at 
200 oC at atmospheric conditions. Methanol was injected in gas 
phase, using helium as carrier gas (MeOH 5% v/v). The total gas 
flow rate was 5 mL/min and the GHSV was 16,000 (mL. h-1. g-1).  
UV/Vis spectra were acquired every 15 min with the Praying 
Mantis diffuse reflectance accessory installed in a Shimadzu 
3600 UV/Vis spectrophotometer. The spectral baseline was re-
corded by first filling the Harrick High Temperature Reaction 
chamber (HVC) cell sample cup with barium sulfate (BaSO4)  
and purging it with helium for 10 min at 150 oC. After baseline 
recording, the sample was heated up to 200 oC and methanol 
was injected for 15 mins. The UV/Vis spectra were acquired un-
til the absorption peak area at 460 nm remained stable.

Results and Discussion
Figure 2a shows that the characteristic absorption peak at 460 
nm, which is ascribed to the LMCT from O-2 to Fe+3 in the iron 
molybdate phase, decreases as the reduction process oc-
curs. This event is likely related to the reduction of Fe+3 to Fe+2  
in Fe2(MoO4)3. The area for this absorption peak is proportion-
al to the number of iron centers in the iron molybdate phase; 
changes in that peak area under methanol treatment are thus 
associated to the reduction of these iron species, and the de-
crease of the Fe+3 centers in this phase. It was found that this 
area decreases over time (Figure 2b), and tends to plateau af-
ter 40 min, probably when all the reducible iron (Fe+3) in the 
Fe2(MoO4)3-like phase is reduced by methanol to FeMoO4. 

Conclusion
In-situ UV/Vis spectroscopy was used to monitor the change 
in intensity of the ligand to metal charge transfer (LMCT) from 
O-2 to Fe+3 in the iron-molybdenum catalyst during methanol 
partial oxidation. This change in intensity, which is likely due to 
the reduction of iron centers Fe+3 to Fe+2, could be used as a 
tool to monitor the redox properties of the catalyst and link 
them to the chemical events taking place on the solid surface 
during catalytic turnovers.

In-Situ UV-Vis Spectroscopy to Monitoring Redox  
Properties of Metal Oxide-Based Catalyst for Methanol 
Selective Oxidation to Dimethoxymethane (DMM)
José E. Herrera and Andrés F. Rodriguez, Western University 
Bisirat Araya, and James Delaney, Harrick Scientific Products, Inc.

Figure 1: Praying Mantis with High Temperature Reaction 
Chamber (HVC).
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In this application, we use an Ocean ST microspec-
trometer to measure the absorbance of whole 
blood and hemoglobin.

Point of care (POC) diagnostics have benefited from the 
marriage of fiber optic spectroscopy and biofluidics, 

with photonics technologies playing a key role in addressing 
healthcare challenges from cancer screening to viral detection.

The Ocean ST microspectrometer is an appealing option 
for POC applications where space is limited or integration 
into other devices or setups is necessary. Also, its versatility 
ensures that Ocean ST is viable for testing and diagnostics 
challenges requiring absorbance, fluorescence and other  
measurement techniques.

Equipment Setup
To assess its viability for diagnostics, we used an Ocean ST to 
measure whole blood and methemoglobin, a form of hemo-
globin that has been oxidized. Hemoglobin is the oxygen-
transporting component of blood.

We used an Ocean ST-UV (185-650 nm) with the integration 
time set for 3.8 ms, scans to average at 100, and boxcar width 
set to 3. The dark spectrum was stored and nonlinearity correc-
tion enabled. The spectrometer and light source were warmed 
up for 30 minutes prior to measurements, to ensure stability. 
The rest of the setup comprised a deuterium-tungsten halo-
gen light source, a quartz cuvette in a general-purpose cuvette 
holder, a pair of  450 µm solarization-resistant fibers with stain-
less steel BX jacketing, and OceanView spectroscopy software.

Results
Whole blood samples included fresh human blood and 
aged porcine blood, which has similar characteristics as hu-
man blood. UV-visible absorbance spectra of these samples 
demonstrated how the Ocean ST-UV can be used to moni-
tor changes in blood related to aging and other criteria.

Also, we collected and measured additional human 
and animal whole blood samples at different concen-
tration levels. Absorbance spectra for these samples re-
vealed the wealth of information available about blood 
composition in a single UV-Visible absorbance spec-
trum -- and how each spectrum can vary from sample to  
sample (Figure 1). 

Our methemoglobin sample revealed a strong absorp-
tion peak near 405 nm, although the literature also re-
ports an absorption peak for methemoglobin at 630 nm.  
Methemoglobin is an oxidized, non-functional form of he-
moglobin that does not bring oxygen to tissue.

Because molecular bonding to the heme group in he-
moglobin can be detected spectrally between 500-600 nm,  
we might have considered using an Ocean ST-VIS model 
(350-810 nm) for better response in that region. 

Summary
As the world moves toward personalized healthcare and 
accessibility, the need for non-invasive and non-destruc-
tive technologies including spectrometers to diagnose, 
treat and analyze conditions will continue to increase.

From evaluating colorimetric assays to analyzing blood 
composition, Ocean Insight spectral sensing tools ensure 
accuracy and traceability with quantitative measurements.

Spectral Analysis of Whole Blood
Yvette Mattley, Ocean Insight

UV-Visible Absorbance Spectra for Various Whole Blood Samples
Measured with the ST-UV Microspectrometer
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Figure 1: Whole blood samples have spectral features that 
can differ according to criteria such as type (human vs. 
animal) and concentration level.
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Introduction
Understanding the thermal behavior of complex samples is 
typical in many applications. Both annealing and tempering 
are thermal processes that samples such as metals, poly-
mers, foods and biological materials can be subjected to.  
Studying the vibrational spectra, as the annealing or temper-
ing processes are conducted can provide information about 
how the process is impacting the physical characteristics.

Experimental
Coconut oil served as a model system. Using the PIKE Tech-
nologies MIRacle single reflection ATR configured with a 
Peltier temperature-controlled ZnSe plate for measure-
ments above and below ambient temperatures (range 10 to  
90 oC), the sample was heated to 80 oC followed by cooling at 
0.5oC/min to 15 oC. Spectra were collected every minute. 

Results
Coconut oil is composed of C6 through C18 fatty acids 
with lauric acid (1,2) (C12) dominating the composition. 
The even numbered higher molecular weight fatty ac-
ids are polymorphic and can exist in three forms α, β, β’.  
Commercial fats, triacylglycerols, are typically more com-
plicated since the fatty acid chains can be of differing 
lengths and/or unsaturation. Coconut oil is well known to 
crystallize into the stable β form (3).

When molecules are in the crystalline state the spectrum 
shows changes due to this change of state, and may include 
splitting in some bands. According to Bellamy (4), strong inter-
molecular forces may cause in-phase and out-of-phase vibra-
tions of the same group in different molecules to interact result-

ing in the single band to split into two. This crystal splitting is 
seen in highly ordered systems.

The most striking changes in the coconut oil spectra pre-
sented here are the sharpening and splitting of the bands as 
the sample starts to crystallize. Figure 1a shows the carbonyl re-
gion of the spectrum as the sample is cooled from 20 to 17 oC.  
The spectrum shows that the band envelope has become nar-
rower and the significant shoulder has appeared at 1726 cm-1. 
Figure 1b shows the C-O region and the progression bands 
which also show sharpening and narrowing.

A notable change we see as the sample is cooled is that the 
“progression bands” as originally defined by Jones (5) become 
more prominent. These progression bands are due to the CH2 
wag and the concept that as the chains become longer the num-
ber, position and intensity of these bands change is sensible. 

We also observe sharpening in the C=C wag at 962 cm-1 
and resolves itself into three different peaks at 973, 962,  
and 946 cm-1 all of which could be attributed to the wag and as the  
sample crystalizes. 

Conclusion
A simple system such as coconut oil illustrates the capabil-
ity of good temperature control (including sub-ambient) and 
the ability to collect ATR spectra to characterization a phase 
changes. This improved capability may be applied to more 
complex systems.
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Figure 1: (a) shows the changes in the carbonyl region and 
(b) shows the changes in the C-O region.
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This application note presents correlative Raman 
imaging and atomic force microscopy (AFM) mea-
surements of a polymer blend. The combination 
of chemical and structural information enabled a 
detailed understanding of the sample. 

Polymers are an important component of many everyday 
products such as clothing, toys, glues, and varnishes. Due 

to their widely varying chemical and mechanical properties, 
polymers are used in many industries, and remain important 
in the development of new materials. Correlative microscopy 
techniques are particularly beneficial for thoroughly charac-
terizing heterogeneous polymeric materials on the sub-mi-
crometer scale. AFM records topographic information and 
local mechanical characteristics of a sample with high spatial 
resolution. Raman microscopy visualizes a sample’s chemi-
cal composition in 2D and 3D. Different polymers can be 
identified, orientation and crystallinity can be analyzed and  
contaminations, defects and stress states can be revealed (1). 

Instrumentation
The following measurements of a polymer blend were 
performed with a WITec alpha300 RA, which combines 
AFM and Raman imaging capability in one instrument. 
The sample remained in place during all measurements, 
as switching between measurement modes required just 
a turn of the objective turret. 

Results
For structural insight, the sample topography was recorded 
by AFM. The AFM image shows rounded depressions in the 
raised matrix with a maximum height difference of about 
380 nm (Figure 1a). Within the depressions, there are small  
elevated islands. 

In order to relate the structural and chemical information, a 
Raman image was recorded at the same sample area by ac-
quiring a Raman spectrum at each pixel. Two polymers were 
identified by their Raman spectra—namely poly(methyl meth-
acrylate) (PMMA) and polystyrene (PS). Their spatial distribu-
tion on the sample surface is color-coded in the Raman im-
age, revealing the phase separation in the blend (Figure 1b).  
Islands within the PMMA matrix consist of PS, but PMMA also 
forms smaller islands within the PS phases. 

Combining the structural and chemical information pro-
vides for a deeper understanding of the sample. The overlay 
of topography and Raman images reveals that all the de-
pressions consist of PS, while all elevated areas are formed 
by PMMA (Figure 1b).

Conclusion
This study demonstrates the power of correlative imaging 
methods for investigating polymer samples. AFM and Raman 
imaging yielded complementary structural and chemical infor-
mation, enabling a comprehensive sample characterization.
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b: Overlay of AFM topography and Raman images, relating 
structural and chemical information (PS in blue, PMMA in red).
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is designed to provide 
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uated total reflection 
(ATR) accessory from 
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for powders gels, liq-
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40 per hour), aluminum cups or as unsup-
ported pellets (up to 20 per hour). Sample 
loading is simple with access to the die via 
a pull-out drawer positioned at a comfort-
able height for repeated sample filling. Preview a brief video 
to appreciate the precision design and engineering features, 
as well as how productive your lab can be.  
REFLEX Analytical Corporation, Ridgewood, NJ.  
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