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Abstract
The performance of a conventional laboratory near-infrared (NIR) spectrometer and two NIR spectrometer prototypes (a Texas
Instruments NIRSCANNano evaluationmodel (EVM) and an InnoSpectra NIR-M-R2 spectrometer) are compared by collecting
reflectance spectra of 270 well-characterized herbaceous biomass samples, building calibration models using the partial least
squares (PLS-2) algorithm to predict five constituents of the samples from the reflectance spectra, and comparing the resulting
model statistics. The prediction models developed using spectra from the Foss XDS spectrometer were slightly better than the
prediction models developed using spectra from either the TI NIRSCAN Nano EVM and the InnoSpectra NIR-M-R2 as
measured by the root mean square error (RMSECV) and the correlation coefficient (R2_cv) for “leave-one-out” cross-
validation (CV). The models built from the two prototype units were not statistically significantly different from each other (p
= 0.05). The Foss spectrometer has a larger wavelength range (400–2500 nm) compared with the two prototypes (900–1700 nm).
When the spectra from the Foss XDS spectrometer were truncated so their wavelength rangematched the wavelength range of the
two prototype units, the resulting model was not statistically significantly different from the models from either prototype.
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Introduction

Rapid analysis using spectroscopy and chemometrics is con-
sidered a secondary analytical technique because it requires
extensive calibration with a representative set of samples of
known composition to develop a robust predictive model. For
rapid analysis using near-infrared (NIR) spectroscopy, NIR
spectra are collected from a set of well-characterized samples,
and a calibration model is developed using a variety of

multivariate statistical techniques. NIR spectra of new sam-
ples are then collected, and the calibration model is used to
predict the composition of these new samples. The calibration
set must be carefully chosen to reflect the concentration range
of the analytes to be measured as well as the nature of the
samples to be predicted. This “calibrate-collect-predict” cycle
is common across all applications where spectroscopy is used
for rapid analysis [1, 2].

Small, portable, low-cost instruments demonstrate the po-
tential of ubiquitous NIR spectroscopy applications. As the
portability of a NIR spectrometer increases and its unit cost
decreases, spectrometers could be used at multiple points
along a given conversion chain from raw materials to finished
products—a network of NIR spectrometers could track the
composition of specific lots of raw materials as they move
through a conversion chain. The nature of the raw material
and the conversion chain could vary widely—crude oil con-
version to fuels and petrochemicals; natural product conver-
sion to consumer products or pharmaceuticals; corn grain con-
version to ethanol and byproducts; and agricultural product
conversion to foods, or biomass harvest, transportation, stor-
age, and conversion to biofuels and biochemicals. There have
been substantial advances in the development of small,
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portable NIR spectrometers in recent years. A review by
Pasquini included a comprehensive presentation of such in-
struments [3]. These units operate using different optical dif-
fraction grating properties, such as Fourier-transform (Si-
Ware NeoSpectra), linear variable filter (Viavi microNIR),
and diffraction (Texas Instruments TI NIRScan and
NIRScan Nano). Yan and Siesler [4] demonstrate the use of
these low-cost FT-NIR, LVF, and diffraction NIR systems for
both classification and measurement.

There have been several recent works using NIR spectros-
copy in biomass-relevant areas. Tao et al. [5] used NIR spec-
troscopy to examine the aflatoxin content of corn kernels. The
group used both partial least squares discriminant analysis
(PLS-DA) to classify corn kernels as contaminated or uncon-
taminated, and partial least squares regression to predict the
aflatoxin content. Gao et al. [6] discuss NIR among other
spectroscopic approaches (Raman, MIR, GC-MS, NMR) to
do nontargeted analysis of food fraud. The nontargeted anal-
ysis attempts to identify samples that are “atypical” (i.e., not
likely to be part of a population of known unadulterated sam-
ples) without having to identify the specific adulterant or con-
taminant. Essentially, the spectroscopic signatures of a set of
samples serve as a fingerprint, and then, multivariate statistical
or machine learning approaches can be used to determine
whether the fingerprint of a given sample is “typical” or “atyp-
ical.” Curzon et al. [7] used NIR spectroscopy in the “cali-
brate-collect-predict”manner mentioned above to nondestruc-
tively predict the protein content of wheat and spelt samples,
but also used the raw NIR spectra directly as an additional
phenotype dataset along with genetic data to develop classifi-
cation models via logistic regression to differentiate among
multiple cultivars of wheat and spelt grain grown in different
locations under different conditions.

Equally important for ubiquitous biomass characterization
across the biomass value-chain will be the opportunities pre-
sented by the combination of very low-cost, ubiquitous NIR
spectroscopy and robust networking to enable advanced ana-
lytics on the spectroscopy data itself. It is likely that (in addi-
tion to predicted chemical information via calibration models)
advanced machine learning algorithms will be used to derive
useful information from the dataset provided by a collection of
NIR spectrometers each generating a large number of spectra,
particularly when combined with operating data from the pro-
cess being monitored. Such “big data” approaches are already
being investigated in the chemical process industries [8, 9]. In
this sense, low-cost NIR spectrometers represent a new class
of data-rich process sensors.

To realize these opportunities, it is first necessary to have
robust, well-characterized, and functional spectrometers that
reliably generate reproducible spectra. Thus, the objective of
this work was to compare the performance of a Foss XDSNIR
laboratory spectrometer to two next-generation NIR spec-
trometer prototypes.

Materials and Methods

The experimental work consisted of collecting near-infrared
spectra from a well-characterized set of 270 herbaceous bio-
mass samples and developing prediction models from these
spectra using standard multivariate statistical methods. In this
section, the biomass samples used, the spectrometer hardware,
the spectra collection techniques, and the chemometric model-
ing performed are described.

Biomass Samples

A total of 270 mixed herbaceous feedstock samples were used
for this work. These samples have been reported on previously
[10, 11]. The feedstock types in the set include corn stover,
miscanthus, switchgrass, sorghum, cool season grasses,
and rice straw. All samples were characterized using
standard biomass compositional analysis methods [12,
13]. For this work, data comprising the structural carbo-
hydrates glucan and xylan, total extractives, ash, and
lignin content were used.

Spectrometer Hardware

The conventional laboratory unit was a Foss XDS near-
infrared (NIR) spectrometer (Foss North America, Eden
Prairie MN, USA). The XDS instrument uses a pre-
dispersive moving grating as monochromator, a spectral range
of 400–2,500 nanometers (nm) with a resolution of 0.5 nm,
and silicon (Si, 400–1100 nm) and lead sulfide (PbS, 1100–
2500 nm) detectors. Figure S1 in the Electronic
Supplementary Material shows a photograph of the three
spectrometers used in this work: a conventional laboratory
spectrometer and two low-cost and potentially portable
spectrometers.

The second and third units were a NIRSCAN Nano NIR
spectrometer evaluation module (EVM, Texas Instruments
Incorporated, Dallas, TX, USA) and an NIR-M-R2 NIR spec-
trometer (InnoSpectra Corporation, Hsinchu, Taiwan). Both
spectrometers share the same design, which consists of a pair
of broadband tungsten filament lamps, a sapphire window,
collimating and focusing lenses, a post-dispersive fixed reflec-
tive diffraction grating, a digital micromirror device (Texas
Instruments DLP2010NIR DMD), and a single-point
InGaAs detector [14]. They have a spectral range of 900–
1700 nm. The DMD in both units has approximately
400,000 individual micromirrors arranged in an 854 × 480
array. In these units, the DMD acts as a monochromator; the
fixed grating disperses the reflected light across the DMD.
Unless the mirrors are actuated, the light is directed away from
the single-point detector. Individual mirrors (or small groups
of these mirrors) can be actuated to direct the light into the
single-point detector. The resolution of the spectrometers is a
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function of the number of mirrors in the DMD array and how
they are selectively actuated.

NIR Spectra Collection

All 270 samples were milled to a 2-mm particle size and
packed into Foss “quarter cup” cells with an optical glass
window for scanning NIR spectra of the biomass samples in
reflectance mode. The samples were scanned on the Foss
XDS from 400 to 2500 nm averaging 32 scans with a resolu-
tion of 0.5 nm with a total scan time of approximately 1 min.
The samples were scanned on the InnoSpectra NIR-M-2 and
the TI NIRSCANNano EVM from 900 to 1700 nm averaging
32 scans with a resolution of approximately 10.5 nm and a
total scan time of 55 s. The Foss XDS spectrometer uses an
internal white reference. For the other two spectrometers, an
external white reference (Calibrated Diffuse Reflectance
Target, p/n AA-00823-000, Labsphere, N Sutton, NH) was
used. The external reference was scanned before scanning
samples. Additionally, the reference was re-scanned every
120 min during sample scanning. All samples were scanned
in duplicate; the cell holding the biomass samples was
repositioned before rescanning.

Spectra from the Foss XDS NIR spectrometer had a range
of 400–2500 nm and a spacing of 0.5 nm, resulting in 4200
points for each spectrum. Spectra from the TI NIRSCAN
Nano EVM and the InnoSpectra NIR-M-2 had ranges of
900–1700 nm and a spacing of approximately 3 nm, resulting
in 289 points for each spectrum. All spectrometer lamps were
enabled 30 min prior to collecting spectra, and the lamps
remained illuminated for the duration of the sample scanning.

The repeatability and reproducibility were measured ac-
cording to the method of Sirisomboon et al. [15]. In brief, a
single biomass sample (corn stover milled to pass through a 2-
mm screen) in a quartz cell (Foss quarter-cup cell, P/N NIR-
65-039) was used for this work. Repeatability was determined
by scanning the sample 10 consecutive times without moving
the cell, and reproducibility was determined by scanning the
sample 10 consecutive times while repositioning the cell be-
tween scans. The relative standard deviation (RSD, standard
deviation divided by the mean) of the derivatized spectra was
calculated at 1352 and 1416 nm for the spectra from the Foss
XDS instrument and 1353 nm and 1401 nm for the spectra
from the NIRSCAN Nano EVM and InnoSpectra NIR-M-2
instruments. These wavelengths correspond to peaks in the
derivatized spectra from all three instruments.

Chemometric Modeling

Spectral data from the Foss NIR spectrometer were exported
from the instrument operating software (Win-ISI) and, along
with the biomass compositional analysis data, were stored in
Excel spreadsheets. Spectral data from the TI and InnoSpectra

units were stored in comma-separated value (CSV) text files.
All data manipulation and chemometric modeling were per-
formed using the R language (version 3.5.1) [16] using the
following packages: pls (version 2.7-2) and prospectr (version
0.1.3).

Partial least squares (PLS-2) models to simultaneously pre-
dict the glucan, xylan, lignin, extractives, and ash content of
the biomass samples were built—one model each using the
spectra from the TI EVM and the InnoSpectra unit. Two
models were built using the spectra from the Foss XDS spec-
trometer; one using the spectral range 1100–2500 nm to match
previous work with corn stover feedstock samples [17] and
mixed herbaceous feedstocks [11], and one using the spectral
range of 900–1700 nm to match the spectral range of the TI
EVM and the InnoSpectra unit.

The spectra were mathematically pretreated prior to the
PLS-2modeling using standard normal variate (SNV) normal-
ization, detrending, and a Savitzky-Golay smoothing algo-
rithm (1st derivative, 2nd order polynomial smoothing). For
the spectra from the Foss unit, a window of 25 points was used
for smoothing, while for the spectra from the TI and
InnoSpectra units, a smaller window of 9 points was used.
All samples from the initial calibration model whose predicted
value was greater than 2.5 times the model’s RMSEC value
for any of the constituents were removed as an outlier. The
purpose of using a standard algorithm for outlier removal was
to minimize any subjectivity in the development of the model.
Unlike outlier removal, the selection of the optimal number of
principal components (#PCs) was done qualitatively; there
was not a clear minimum in a plot of RMSECV value for all
components vs. the number of principal components in the
model. The optimal number of principal components was cho-
sen where the slope of the RMSECV value vs. #PCs line was
either a minimum or decreasing slowly for all constituents.
Twelve (12) principal components were chosen for each of
the four models presented here.

The models were validated using the “leave one out”
(LOO) cross-validation algorithm. In LOO cross-validation,
each sample is removed from the calibration set and a new
PLS-2 calibration model is developed and used to predict the
sample not in that model. The model quality was determined
by the coefficient of determination (square of correlation co-
efficient R) between the predicted and measured values for
both the calibration and validation models (R2-calibration
and R2-LOO CV) and the root mean square error of the cali-
bration and cross-validation models (RMSEC and
RMSECV). Quantitative comparisons of RMSE and R2

values from different models (both calibration and LOO
cross-validation) are made using a modified F-test for
RMSE values [18] and of correlation coefficients using a t test
after applying the Fisher z-transform. Since the square of
RMSE values is essentially a variance measure, the square
of the ratio of two RMSE values (either RMSEC or
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RMSECV) of different models can be comparedwith a critical
F ratio given the number of degrees of freedom in eachmodel.
For the 270-sample calibration set used in this work, ratios of
RMSEC or RMSECV values greater than approximately 1.1
are statistically significantly different (p = 0.05). Similarly,
correlation coefficients (R values) can be compared after ap-
plying the Fisher z-transform to convert them to continuous
variables. The “Tukey Honest Significant Difference” test was
used to identify differences in R2 values among spectrometers
and constituents.

Results and Discussion

In Fig. 1, the near-infrared (NIR) spectra (plotted as the pseu-
do-absorbance, or negative base-10 logarithm of the reflec-
tance, −log10(R)) collected with the three spectrometers used
in this work are compared. Each spectrum represents the mean
of the 270 mixed herbaceous feedstock samples used to build
models. The two spectra labeled “Foss” indicate the wave-
length ranges used for the two models built with Foss spectra
(1100–2500 nm and 900–1700 nm). The shaded areas repre-
sent ± 1 standard deviation around the mean, illustrating the
variability of the mixed herbaceous feedstock spectra.

These pseudo-absorbance spectra are quite similar among
all three spectrometers, although the absolute values differ

slightly among the different instruments (the spectra are offset
slightly for ease of comparison). There is a minor absorption
band around 1200 nm, and a much larger band around
1450 nm present in the spectra from all three spectrometers,
and substantial absorption features in the Foss spectra above
1700 nm. The spectra from the Foss instrument show slightly
less variation across the 270 samples in the calibration set, as
indicated by the smaller shaded area round the Foss spectra.
Figure 2 shows a qualitative difference between the reflec-
tance spectra from TI EVM and the InnoSpectra at wave-
lengths above approximately 1650 nm—the reflectance spec-
tra from the TI EVM are decreasing while the spectra from the
InnoSpectra are increasing. The root causes of this difference
are not clear, but it should be noted that while both spectrom-
eters shared a common reference design, they were designed
and manufactured by different companies.

In Table 1, the repeatability and reproducibility of the three
spectrometers used in this work are presented, expressed as
the relative standard deviation at two key wavelengths of 10
repeated scans with the sample kept in place (repeatability)
and re-positioned between scans (reproducibility). The data
show that the Foss XDS has the smallest repeatability at either
wavelength, with the repeatability of the two portable units 2–
3 times larger. The reproducibility of the Foss XDS is sub-
stantially better than the NIRSCANNano and the InnoSpectra
NIR-M-R2 instruments, which again are quite similar. It is

Fig. 1 Near-infrared (NIR) spec-
tra collected with the three spec-
trometers used in this work. Each
spectrum represents the mean of
the 270 mixed herbaceous feed-
stock samples used to build
models. The two spectra labeled
“Foss” indicate the wavelength
ranges used for the two models
built with Foss spectra (1100–
2500 nm, 900–1700 nm). The
spectra are offset slightly for ease
of comparison. The shaded areas
represent ± 1 standard deviation
around the mean, illustrating the
variability of the mixed herba-
ceous feedstock spectra.
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likely that this is due to the more robust sample presentation
capabilities of the Foss XDS instrument compared with the
two portable units.

Comparison of Models

As mentioned above, one model using the spectra from the
two prototypes was built, both of which have spectral ranges
900–1700 nm. Two models were built using spectra from the
Foss instrument, one using the spectral range 1100–2500 nm,
which has been used previously for corn stover feedstocks
[17] and mixed herbaceous feedstocks [11], and one using
only the 900–1700-nm range. In this way, the effects on mod-
el performance of the spectral range could be separated from
other instrumental performance issues among the three spec-
trometers. The modeling results for four PLS-2 models devel-
oped using spectra collected using the three spectrometers in
this study are summarized in Tables 1 and 2 and Figs. 2, 3, and
4.

In Fig. 2, the calibration model predictions of glucan con-
tent to the glucan content measured using primary analytical
methods are compared. There is more scatter in the “predic-
tion vs. measured” calibration plots for the models using spec-
tra from the TI and InnoSpectra prototypes compared with the
models using spectra from the Foss XDS spectrometer. The
results from the two Foss models are different from models

Table 1 Results of repeatability and reproducibility tests using a sample
of corn stover. Repeatability was determined as the relative standard
deviation (RSD) of 10 spectra with the sample kept in place.
Reproducibility was determined as the RSD of 10 with the sample re-
positioned between collection of the spectra. NIRSCAN Nano EVM and
InnoSpectra NIR-M-R2 instruments had peaks at 1353 nm and 1401 nm,
while the Foss XDS instrument had peaks at 1352 and 1415 nm

~ 1350 nm ~ 1400 nm

Repeatability

InnoSpectra NIR-M-R2 7.6 × 10−3 7.7 × 10−3

NIRSCAN Nano EMV 1.0 × 10−2 1.2 × 10−2

Foss XDS 3.0 × 10−3 1.8 × 10−3

Reproducibility

InnoSpectra NIR-M-R2 6.7 × 10−2 5.6 × 10−2

NIRSCAN Nano EMV 7.3 × 10−2 4.8 × 10−2

Foss XDS 3.5 × 10−3 5.4 × 10−4

Fig. 2 Predicted vs. measured
glucan content for PLS-2 models
using derivatized spectra from a
the Foss XDS (1100–250 nm), b
the Foss XDS (900–1700 nm), c
the TI NIRSCANNano, and d the
InnoSpectra NIR-M-R2. All
models used 12 principal
components.
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from the two prototypes and from each other, with the Foss
model using the larger wavelength range (1100–2500 nm)
having less scatter than the Foss model using the smaller
wavelength range (900–1700 nm).

In Table 2, the key statistics of the PLS-2 calibration
models developed from the spectra are presented, as well
as the range (max, mean, min) of the primary calibration
data. The calibration models developed using Foss XDS
NIR spectra using either of the two different spectral ranges
had statistically significantly larger R2_cv and smaller
RMSECV values for all constituents compared with the
models from either prototype unit (p = 0.05). That is, the
models developed using the Foss XDS NIR spectra were
superior to the models developing using either spectra of
the prototype. The two models developed using the Foss

spectra with different ranges are surprisingly similar to each
other. The two models have statistically significantly differ-
ent RMSECV values only for the structural carbohydrates
glucan and xylan and do not have statistically significantly
different R2_cv values for any of the constituents. That is,
using the 1100–2500-nm range improves the prediction per-
formance only for the structural carbohydrates, not the pre-
dictions of extractives, lignin, or ash compared with the
smaller 900–1700-nm spectral range. The differences in
the structural carbohydrate predictions between the two
models built using Foss spectra suggest that the overtones
from structural carbohydrate bond vibration above 1700 nm
(C–H stretch at ~ 1780 nm, O–H, C–O combination bands at
~ 2270 nm, and C–H stretch and deformation at 2280 nm)
[19, 20] provide useful modeling information.

Table 2 Summary statistics of the PLS-2 calibration models predicting
the content of glucan, xylan, lignin, extractives, and ash in a mixed her-
baceous feedstock population built using near-infrared (NIR) spectra
from the Foss XDS NIR spectrometer, the Texas Instruments
NIRSCAN Nano spectrometer EVM, and the InnoSpectra NIR-M-R2

NIR spectrometer EVM. R2 coefficient of determination (square of cor-
relation coefficient R), RMSEC root mean square error of calibration,
RMSECV root mean square error of leave-one-out (LOO) cross-valida-
tion, RMESP root mean square error of prediction, cal calibration, cv
cross validation

Parameter Foss XDS NIR1 Foss XDS NIR2 TI NIRSCAN Nano EVM InnoSpectra NIR

Constituent

max
mean
min

Spectral range (nm)
No. of principal components
No. of outliers removed

1100–2500
12
22

900–1700
12
26

900–1700
12
17

900–1700
12
15

Glucan R2-cal 0.95 0.93 0.91 0.89

47.8 RMSEC (%) 1.4 1.7 1.9 2.2

33.2 R2_cv 0.94 0.92 0.89 0.87

21.4 RMSECV (%) 1.6 1.8 2.1 2.2

Xylan R2-cal 0.91 0.89 0.79 0.82

28.7 RMSEC (%) 1.0 1.1 1.5 1.4

17.8 R2_cv 0.90 0.87 0.77 0.80

9.5 RMSECV (%) 1.1 1.2 1.6 1.5

Lignin R2-cal 0.94 0.94 0.87 0.84

29.0 RMSEC (%) 0.9 1 1.3 1.5

15.2 R2_cv 0.93 0.92 0.86 0.81

6.7 RMSECV (%) 1.1 1.1 1.4 1.6

Extractives R2-cal 0.95 0.94 0.92 0.92

41.5 RMSEC (%) 2.3 2.4 2.8 2.8

17.7 R2_cv 0.94 0.93 0.91 0.90

4.2 RMSECV (%) 2.5 2.6 3 3.1

Ash R2-cal 0.89 0.89 0.87 0.88

16.4 RMSEC (%) 1.2 1.2 1.3 1.3

6.7 R2_cv 0.87 0.87 0.85 0.86

0.9 RMSECV (%) 1.3 1.3 1.4 1.4

1 Foss XDS spectra truncated to 1100–2500 nm to match previous results
2 Foss XDS spectra truncated to 900–1700 nm to match spectral range of TI and InnoSpectra units
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Fig. 4 Regression coefficients for
glucan prediction using
derivatized spectra from (top to
bottom) the Foss XDS using the
reduced wavelength range, the TI
NIRSCAN Nano, and the
InnoSpectra NIR-M-R2. The
coefficient values for the three
models are quite similar,
suggesting the three models are
using the same spectral
information for prediction

Fig. 3 (top) Root mean square
error of leave-one-out cross-
validation (RMSECV) of the
PLS-2 models for all five constit-
uents (glucan, xylan, lignin, ash,
extractives). For all constituents,
the models using Foss XDS
spectra provide the smallest
RMSECV values. (bottom)
Correlation coefficient of leave-
one-out cross-validation (R2_cv)
of the PLS2 models for all five
constituents (glucan, xylan, lig-
nin, ash, extractives). For all con-
stituents, the models using Foss
XDS spectra provide the largest
R2_cv values
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There has been previous work on the rapid spectroscopy
prediction of the chemical composition determined using the
same primary analytical chemistry methods as used in this
work for corn stover using a FOSS XDS spectrometer [17]
and for mixed herbaceous feedstocks using a Fourier-
transformNIR (FT-NIR) spectrometer [11]. For the work with
corn stover, the prediction uncertainties (as measured by
RMSECV values) for the constituents glucan, xylan, and lig-
nin ranged from 1.2 to 1.7, while for the work with mixed
herbaceous feedstocks, RMSECV values ranged between
1.2 and 1.9 for the constituents glucan, xylan, ash, and lignin.
Thus, the results presented here for all three spectrometers are
generally consistent with previous work using the same pri-
mary analytical methods.

In Fig. 3, the cross-validated calibration statistics
RMSECV and R2_cv for all constituents and all models are
presented. There are clear differences among the different
constituents, with the xylan and lignin models having the low-
est RMSECV values and the extractives prediction having the
largest RMSECV values. However, the important differences
are among the models themselves. The models using the Foss
XDS spectra are consistently superior to the models using the
spectra from either prototype (e.g., lower RMSECV values
and higher R2_cv values). As mentioned above, the predic-
tions of structural carbohydrates from the two models using
Foss spectra are different, and this is visible in Fig. 4 as well.

In Fig. 4, the regression coefficients for glucan prediction
using derivatized spectra are presented from (top to bottom)
the Foss XDS using the reduced wavelength range, the TI
NIRSCAN Nano EVM, and the InnoSpectra NIR-M-R2.
The coefficient values for the three models are quite similar,
suggesting the three models are using the same spectral infor-
mation for prediction. The magnitudes of the coefficients are
different due to the differences in magnitude of the
derivatized spectra. Nonetheless, the key features of all
three plots are the same.

These results suggest that the use of low-cost spectrometers
having limited spectral ranges compared with traditional lab-
oratory spectrometers holds great promise—while the models
using spectra from these prototypes are inferior by all mea-
sures compared with the models from the laboratory spec-
trometer, the differences are small enough to make the models
quite useful. For example, the uncertainty in the lignin predic-
tion using either model built using Foss spectra (as measured
by the RMSECV value) is approximately 1.1%, while the
uncertainty in the prediction using spectra from the prototype
spectrometers is 1.4% and 1.5%. A prediction with an uncer-
tainty of 1–1.5% would still be useful compared with the
primary analytical method, which has a lower uncertainty
[13] but can take up to a week or more to complete [12].

Opportunities and Challenges

The results presented here are quite encouraging. As men-
tioned above, there will be many opportunities for ubiquitous
sensing across the chemical process industries in general and,
as this work indicates, across the biomass-to-biofuel conver-
sion chain in particular. However, there are significant chal-
lenges that remain to ubiquitous rapid analysis using low-cost
spectrometers, including a software “ecosystem” for data col-
lection and model application, calibration transfer among dif-
ferent spectrometers, and robust methods of sample
presentation.

A robust software “ecosystem” permits users to collect NIR
spectra, apply an existing prediction model, and immediately
receive the prediction result, and is equally important as the
spectrometer hardware itself. As mentioned above, typical
applications of rapid analysis using NIR spectroscopy use
the “calibrate-collect-predict” process using partial least
squares algorithms, but there will be opportunities to use more
advanced machine learning (ML) algorithms to the data gen-
erated, both the spectra from and individual unit and the ag-
gregate spectra from units in a value chain. This will require
robust data curation and will provide opportunities for both
supervised and unsupervised learning approaches.

It is well-known that it is very difficult for two nominally
“identical” spectrometers to generate truly interchangeable
spectra. That is, small differences in manufacturing processes
result in instruments that are slightly different and produce
slightly different spectra even when measuring the same ma-
terial. This makes using a prediction model developed for one
instrument less accurate when used on another instru-
ment, even if the second instrument is the identical
make and model. This is the so-called calibration trans-
fer problem [21, 22]. This issue will need to be thor-
oughly understood and addressed for the next-generation
spectrometers as well, whether through existing algo-
rithms or through novel ML approaches.

Finally, sample presentation is a critical issue in NIR spec-
troscopy, and different applications will require different (but
reproducible) sample presentation strategies. For example, the
reflectance measurements described in this work are appropri-
ate for measuring solid materials, but the ability to perform
continuous in situ process monitoring of liquid streams will
require some type of immersion probe [23, 24].
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