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Analysis of alkaloids and reducing sugars in
processed and unprocessed tobacco leaves
using a handheld near infrared spectrometer

Miguel S Castillo1, Juan J Acosta2, Gary RHodge2, MatthewCVann1 and Ramsey S Lewis1

Abstract
Near infrared (NIR) spectroscopy calibration models were developed to predict chemical properties of flue-cured tobacco
(Nicotiana tabacum L.) leaf samples using a microPHAZIRTM handheld NIR spectrometer. The sample data set consisted of 348
leaf-bundled samples of upper-stalk flue-cured tobacco leaves collected from an array of cultivars evaluated in multiple
locations. Unprocessed leaf samples were intact whole unground leaves collected from curing barns. Processed leaf samples
were further dried and ground before scanning. The NIR prediction models for percent reducing sugars, percent total
alkaloids, and percent nicotine were very good for processed leaves [r2 (SEp in %) values = 0.98 (0.82), 0.92 (0.17), and 0.92
(0.14), respectively]. The models for the same three variables for unprocessed leaves were also very good, with only slightly
lower fit statistics [r2 (SEp) = 0.93 (1.58), 0.87 (0.22), and 0.88 (0.18), respectively). Fit statistics for anabasine NIR models
were intermediate with r2 (SEp in %) values ranging from 0.73 (0.003) to 0.76 (0.003), while the lowest fit statistics were
observed for anatabine and norticotine with r2 (SEp in %) ranging from 0.49 (0.005) to 0.55 (0.017), respectively, for both
unprocessed and processed leaves. Hence, use of a handheld NIR spectrometer would be of more limited value for these
variables. The chemical composition of flue-cured tobacco leaf samples for some chemical traits can be directly assessed at the
point when the leaves exit the curing barns, thus minimizing the need to dry and grind samples for colorimetric and
chromatographic analyses.
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Introduction

Low-cost, rapid, and reliable techniques for determination
of chemical constituents of agricultural commodities are
sought-after tools for use in crop plant research and at the
end-user interface for selection of products.1–4 The use of
near infrared (NIR) spectrometers has potential to meet
those needs in agricultural science.5 The foundational re-
lationship between NIR spectroscopy and biochemistry is
that near infrared energy incident on an object is either
absorbed or reflected based on the objects molecular
composition.6

In tobacco research, NIR spectroscopy has proven useful
for qualitative discrimination of intact tobacco leaves to
complement manual grading and classification ap-
proaches,7 for determination of filling capacity,8 and for
quantification of nicotine, nitrogen, reducing sugar and total
sugar concentrations.9–12 Nicotine is the predominant to-
bacco alkaloid in most commercial genotypes, typically
constituting more than 90% of the total alkaloid pool.
Anabasine, nornicotine, and anatabine are additional al-
kaloids that are usually present at much lower concentra-
tions.13 These tobacco alkaloids are identified as precursors
of tobacco-specific nitrosamines, some of which are rec-
ognized potent carcinogens found in tobacco products.14

Previous literature for NIR spectroscopic applica-
tions in tobacco research has mostly described analyses
of dried and ground leaf material scanned with
benchtop-type NIR spectrometers. Recent technologi-
cal advances have led to the commercial availability of
a variety of portable spectroscopy devices15 that are
more affordable compared to traditional benchtop-type
devices and that could potentially be of value to
farmers, consultants, or researchers for in situ and non-
destructive analysis of samples.1,16 In addition, opti-
mum application of NIR spectroscopy could result in
resource-savings (i.e., drying, grinding, reagents,
equipment) compared to the effort required to conduct
wet chemistry analyses in the laboratory. Near infrared
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spectroscopy has also been reported to outperform
genomics for predicting feedstock quality traits.4 The
specific objectives of this study were to (1) develop and
evaluate NIR spectroscopic models using reflectance
spectra acquired from unprocessed (intact) and pro-
cessed (dried and ground) flue-cured tobacco leaves
with a handheld NIR spectrometer to predict percent
reducing sugars, total alkaloids, nicotine, anabasine,
anatabine, and nornicotine and (2) compare predictions
between unprocessed and processed leaves.

Materials and methods

Database description, chemical analyses, and
NIR spectroscopy

Plant material consisted of bundles (n = 348) of upper-stalk
flue-cured tobacco leaves (Nicotiana tabacum L.). These
samples were part of the North Carolina Official Flue-Cured
Tobacco Variety Testing Program and were collected from
field evaluations of 42 commercial tobacco cultivars carried
out during 2018 at three North Carolina locations (King-
ston, K; Rocky Mount, RM, and Oxford, O).

The six response variables of interest were percent
anabasine, anatabine, nicotine, nornicotine, reducing
sugars, and total alkaloids. The average moisture con-
centration of flue-cured leaves was ≤14%. For labora-
tory analyses, the flue-cured-leaf samples were further

dried to 60 °C until constant weight, using an air-forced
drier and then ground to ≤ 1-mm. Quantification of percent
reducing sugars and tobacco alkaloids was performed ac-
cording to published colorimetric and gas chromatographic
analyses methods.17 The concentration of reducing sugars
ranged from 4.36 to 25.39%, 1.09–4.13% for total alkaloids,
0.86–3.32% for nicotine, 0.004–0.028% for anabasine,
0.017–0.167% for anatabine, and 0.004–0.0465% for nor-
nicotine (Figure 1). Additional descriptive statistics of the
laboratory results are presented in Figure 1.

A handheld microPHAZIRTM (Thermo Fisher Scien-
tific, Waltham, MA, USA) NIR spectrometer was used to
acquires spectral data from unprocessed and processed
cured tobacco leaves (Nicotiana tabacum L.). The mi-
croPHAZIRTM spectrometer acquires spectral data from
1596 to 2396 nm at 8-nm intervals for a total of 100 data
points per sample. Although this is lower precision than
many laboratory-grade spectrometers, the micro-
PHAZIRTM device produced comparable results in pre-
dicting nutritive value of forages when compared to a
benchtop-type FOSS 6500 device.18

Collection of spectra and database creation

Spectra were acquired from unprocessed (intact) and pro-
cessed (dried and ground) flue-cured tobacco leaves. Both
samples were brought into the laboratory (room tempera-
ture and light-controlled environment) for acquisition of

Figure 1. Descriptive statistics of laboratory measurements of flue-cured tobacco leaves. The letters K, O, and RM correspond to the
three geographical locations of Kingston, Oxford, and Rocky Mount, respectively.
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spectra. For unprocessed leaves, 3 leaves were stacked,
ensuring that leaves were in the same direction, and two
scans from the upper side (adaxial) and two from the lower
side (abaxial) were taken in diagonal direction on each leaf
for a total 4 scans per leaf (Figure 2). The handheld device
was in direct contact with the tobacco leaves. A total of 12
spectral signatures were collected for the three-leaf bundle
(2 per leaf x 2 sides x 3 leaves). Custom scripts in R
(environment version 3.3.2)19 were developed to calculate
the mean reflectance spectrum for each three-leaf bundle.

For the processed leaves (dried and ground), the
handheld device was not in direct contact with the
ground sample; instead, scans were taken through the
cover glass of FOSS 6500 module sampling cups
containing the samples. The samples were scanned in
four positions by rotating the sample cups 90° and
taking measurements while in static position. This ap-
proach previously proved successful when comparing
results from this handheld device to a benchtop-type
NIR spectrometer.18 Custom scripts were used to cal-
culate the mean reflectance spectrum for each sample.
Average spectra for the processed and unprocessed
leaves are presented in Figure 3.

NIR calibration development

Calibration development was performed using a data
analysis pipeline written for the R environment. The
pipeline was previously used in the successful devel-
opment of NIR models for several crops including trees
and forages20,21 and to compare the prediction perfor-
mance of handheld- and benchtop-type NIR spec-
trometers in forage samples.18 The pipeline has two
separate phases: (a) transformations and outlier detec-
tions, and (b) model training, validation, cross-
validation, and prediction of new observations.

In summary, a total of 13 mathematical transfor-
mations of the spectra were first applied to raw spectra
(log R�1) to remove scattering of diffuse reflections
associated with sample particle size and to improve
subsequent regression analyses. Scatter-correction
methods included multiplicative scatter correction
(MSC), standard normal variate (SNV) and detrend
(DT). Spectral derivative methods included Savitzky-
Golay second derivative (second order polynomial fit)
with two different window sizes of 5 and 7 points (SG5
and SG7). In addition, several pairs of transformations
were also investigated (SNV + DT, MSC + DT, SNV +
SG, MSC + SG, and DT + SG). Local outlier factors
(LOF) were used to filter-out atypical spectral data.22 In
this analysis a LOF score for each observation was
calculated based on its 20 nearest neighbors. Samples
with LOF values greater than 2 were excluded from the
analysis.

The second phase of the pipeline uses the outlier-free
datasets to fit NIR calibrations between spectral data and
wet chemistry laboratory values using partial least squares
regressions (PLS). Model performance was evaluated
using leave-one-out (LOO) cross validation. Desirable
models were considered those that maximized the cross-
validation coefficient of determination (r2CV) estimated

using the one-sigma approach.23 The one-sigma approach
is a method to reduce risk of over-fitting the model by
reducing the number of factors; the algorithm examines
models using from 1 to 20 factors and identifies the model
with the lowest number of factors where standard error of
cross validation (SECV) is within one standard error of the
minimum SECV.

NIR calibration comparison

Performance evaluation of the predictions was carried out
using a test set. Outlier-free datasets of the cured and
processed leaves were randomly split in two sets, a training
set and a test set. The training set consisted of 75% of the
observations and was used for developing calibration
models. The test set, with the remaining 25% of

Figure 3. Raw NIR spectra measured using the microPHAZIRTM

handheld NIRS device. The plotted spectra are mean values of
all scanned samples and corresponding maximum and minimum
values at measured wavelengths.

Figure 2. Unprocessed (intact) flue-cured tobacco leaf,
microPHAZIRTM handheld NIR, and representation of the two
sampling points (black dots on leaf).
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observations, was used for performance evaluation of
predictions. Both sets, the calibration and test sets, had the
same distribution (75:25 calibration: test set) of samples
based on location. The number of samples contained in the
outlier-free datasets is presented in Table 1. The predictive
power of the PLS calibrations was assessed by plotting
scatterplots of the wet chemistry laboratory values on the x-
axis and NIR predicted values on the y-axis (Figure 4). In
addition, the coefficient of determination (r2), standard error
of prediction (SEp), ratio of performance to deviation
(RPD), bias, intercept, and slope (Table 2) were determined.

Results and discussion

The data analysis pipeline generated summary tables
with fit statistics and figures for all the possible PLS
regression calibrations for each response variable. An
example table with 14 models generated to predict
nicotine from processed leaf samples in the calibration
data set is presented in Table 3. In addition, Figure 5
illustrates an example output of SECV as a function of
the number of factors (latent variables) for the selected
SG7 model in Table 1 using the one-sigma approach.

Prediction performance of the PLS regression
models was assessed using the test sets (Table 2;
Figure 4). For unprocessed leaves, r2 (SEp in %) values
were 0.93 (1.58) for percent reducing sugars, 0.88
(0.18) for percent total alkaloids, 0.87 (0.21) for per-
cent nicotine, 0.73 (0.003) for percent anabasine, 0.55
(0.017) for percent anatabine, and 0.55 (0.005) for
percent nornicotine. For reducing sugars, total alka-
loids, and nicotine, fit statistics for the PLS regression
calibration models were only slightly better for pro-
cessed leaves compared to unprocessed leaves, whereas
fit statistics for anabasine, anatabine, and nornicotine
were essentially the same for processed and unpro-
cessed leaves. The r2 (SEp in %) values for processed
leaves were 0.98 (0.82) for percent reducing sugars, and
0.92 (0.17) for percent total alkaloids, 0.92 (0.14) for

percent nicotine. In addition to r2 and SEp values,
Table 2 also provides RPD, bias, intercept, and slope
values. Desirable models are those with intercept and
bias values closer to zero and slope values closer to 1.
The RPD values ranged from 1.5 to 3.7 for unprocessed
leaves and from 1.5 to 7.1 for processed leaves. Models
with RPD values >2 have been suggested as models
with good prediction ability;24 however, different and
higher threshold values for RPD have also been sug-
gested in the literature.25 Reporting RPD values may be
redundant when r2 values are already reported for
normally distributed variables and large datasets.26 The
RPD values for reducing sugars, total alkaloids, and
nicotine were consistently ≥2.8 for PLS regression
models for both processed and unprocessed leaf
models.

The average raw spectrum absorbance was lower for
unprocessed leaves but followed a similar trend in
terms of valleys and peaks compared to the processed
leaves (Figure 3). An exception occurred in the region
between 1894 and 2026 nm, where the spectra for
unprocessed leaves exhibited greater absorbance. Five
prominent water absorption bands (regions) in the near
infrared spectrum are 760, 970, 1190, 1450, and
1940 nm.26 Higher absorption for the unprocessed
leaves in the 1894–2026 nm regions can possibly be
attributed to higher moisture content of unprocessed
leaf samples.

It is clear for all PLS regression calibrations, and
especially those with r2 values ≥0.88 corresponding to
percent reducing sugars, total alkaloids, and nicotine,
that NIR-predicted values are very close to the labo-
ratory measured values (Figure 4), notwithstanding data
segregation of the response variables by geographical
location upon visual inspection (Figure 1). There were
no apparent indications of heteroskedasticity and over-
or under-estimation. Dispersion of points around ref-
erence lines (linear model and line with slope 1) were
greater for percent anabasine, anatabine, and

Table 1. Number of samples identified as outliers and number of sample s in the resulting outlier-free databases used for development of
PLS regression calibrations for anabasine, anatabine, nicotine, nornicotine, total alkaloids, and reducing sugar of unprocessed (whole) and
processed (dried ground) flue-cured tobacco leaves.

Leaf Sample Modela Variable # outliers
# samples in outlier-free
calibration database

# samples in outlier-free
Validation database

Unprocessed (intact) Leaves DT_SG5 (5) Reducing Sugars 0 261 87
SG5 (5) Total Alkaloids 0 261 87
SG5 (5) Nicotine 0 261 87
NIR (8) Anabasine 4 259 85
SG5 (4) Anatabine 0 261 87
SG5 (2) Nornicotine 0 261 87

Processed (ground dried) Leaves MSC (7) Reducing Sugars 2 258 87
SG7 (7) Total Alkaloids 0 260 87
SG7 (7) Nicotine 0 260 87
SNV (4) Anabasine 1 259 87
SNV_SG5 (4) Anatabine 0 260 87
DT (2) Nornicotine 2 258 87

aNIR, raw spectra (log R�1); SG5, Savitzky-Golay 2nd derivative spectra using five points; DT, detrend; SNV, standard normal variate; MSC, multiplicative
scatter correction; SG7, Savitzky-Golay 2nd derivative spectra using seven points. Numbers within parenthesis represent the number of loading factors (latent
variables) in the partial least squares regression models. Fit statistics for the models are presented in Table 2.
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Figure 4. Validation scatterplots of the test-set samples for NIR-predicted vs reference values for six chemical traits of tobacco.
Dotted line has slope = 1 and solid line is the linear regression for validation models in Table 1. The letters K, O, and RM
correspond to the three geographical locations of Kingston, Oxford, and Rocky Mount, respectively.
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nornicotine. Anabasine models had intermediate r2

values at 0.76 while for anatabine and nornicotine the
values ranged between 0.49 to 0.55 (Figure 4; Table 2).
These results report on the utility of NIR spectroscopy
for determination of alkaloids and reducing sugars in
tobacco, and most notably the utility of a handheld
device to analyze unprocessed leaf samples. These

findings can potentially represent significant savings in
resources used for sample preparation and analysis (e.g.,
drying, grinding, labor) of traditionally wet chemistry
analyses.

Table 2. Fit statistics for performance evaluation of predictions of PLS regression models developed using 75% of the observations and
evaluated on the remaining 25% of the observations. The fit statistics correspond to the scatter plots in Figure 4.

Sample

Spectral
transformation (#
factors)a Variable

Calibration set Test set

R2
C r2CV SEC SECV r2 SEP RPD Bias Intercept Slope

% ————— % —————

Unprocessed
(intact) leaves

DT_SG5 (5) Reducing
Sugars

0.94 0.93 1.3520 1.4640 0.93 1.548 3.7 �0.2773 0.623 0.9391

SG5 (5) Total
Alkaloids

0.88 0.87 0.2042 0.2186 0.87 0.221 2.7 0.0537 0.124 0.9692

SG5 (5) Nicotine 0.90 0.88 0.1634 0.1753 0.88 0.183 2.8 0.0462 0.100 0.9707
NIR (8) Anabasine 0.78 0.75 0.0026 0.0028 0.73 0.003 1.9 0.0006 0.003 0.8110
SG5 (4) Anatabine 0.64 0.58 0.0149 0.0159 0.55 0.014 1.8 0.0008 0.025 0.6122
SG5 (2) Nornicotine 0.33 0.30 0.0066 0.0068 0.55 0.003 2.5 0.0015 0.008 0.4808

Processed (dried
and ground)
leaves

MSC (7) Reducing
Sugars

0.98 0.97 0.8325 0.9102 0.98 0.816 7.1 �0.1452 0.4016 0.9827

SG7 (7) Total
Alkaloids

0.95 0.94 0.1367 0.1517 0.92 0.175 3.4 �0.0020 0.0426 0.9824

SG7 (7) Nicotine 0.96 0.95 0.1056 0.1169 0.92 0.144 3.5 0.0260 0.0325 0.9840
SNV (4) Anabasine 0.80 0.78 0.0025 0.0026 0.76 0.003 2.0 0.0006 0.0029 0.8306
SNV_SG5 (4) Anatabine 0.68 0.62 0.0141 0.0153 0.55 0.015 1.7 0.0019 0.0242 0.6547
DT (2) Nornicotine 0.35 0.33 0.0066 0.0066 0.49 0.003 2.5 0.0007 0.0082 0.4325

Note. R2C, coefficient of determination, calibration; r2CV: coefficient of determination, cross-validation; SEC, standard error of calibration; SECV, standard
error of cross-validation; r2, coefficient of determination, prediction; SEP, standard error of prediction; RPD, ratio of performance to deviation (SD/SEP;
SD = standard deviation of reference samples in validation test-set); Intercept, intercept of regression line in Figure 4; Slope, slope of the regression line in
Figure 4.
aNIR, raw spectra (log R�1; R = reflectance); SG7, Savitzky-Golay 2nd derivative spectra using five points; DT, detrend; SNV, standard normal variate; SG7,
Savitzky-Golay 2nd derivative spectra using seven points; DT, detrend; numbers within parenthesis represent the number of loading factors (latent variables)
in the partial least squares regression models.

Table 3. Example summary table of fit statistics of several PLS
regression models developed to predict nicotine in processed
(dried and ground) flue-cured tobacco leaves. The model SG7 was
selected as the best model and further evaluated using the test set
and results are presented in Table 1 and Figure 3.

Database Factors R2C SEC r2CV SECV

SNV 9 0.95 0.1106 0.94 0.1227
MSC 9 0.95 0.1108 0.94 0.1240
DT 9 0.96 0.1053 0.94 0.1218
SG5 8 0.96 0.1004 0.94 0.1196
SG7* 7 0.96 0.1056 0.95 0.1169
SNV_DT 9 0.96 0.1053 0.94 0.1216
MSC_DT 8 0.95 0.1104 0.94 0.1208
SNV_SG5 8 0.96 0.0979 0.95 0.1180
SNV_SG7 6 0.95 0.1103 0.94 0.1202
MSC_SG5 8 0.96 0.0981 0.94 0.1190
MSC_SG7 6 0.95 0.1106 0.94 0.1232
DT_SG5 7 0.96 0.1035 0.94 0.1204
DT_SG7 7 0.96 0.1028 0.95 0.1165
NIR 13 0.96 0.1022 0.94 0.1239

Figure 5. Example fit statistics of the one-sigma method for
the selecting the number of model components. This
example corresponds to the SG7 model selected in Table 3.
The minimum SECV was found for the model with 10 factors,
the selected model with seven factors has fewer factors and
SECV not significantly different than the 10-factor model.
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Conclusions and implications

The PLS regression models for percent reducing sugars,
percent total alkaloids, and percent nicotine developed
using NIR spectra were consistently better for processed
tobacco leaves. Nonetheless, the models for unprocessed
leaves had only slightly lower fit statistics, thus would be
nearly as accurate and precise as models with processed
leaves. Since acquisition of NIR spectra on intact leaves
is faster and easier (requiring no additional time or ex-
pense of drying and grinding leaves), larger numbers of
samples could be taken with unprocessed leaves to better
characterize a particular sample set. Use of a handheld
NIR spectrometer was found to provide great utility for
prediction of levels of reducing sugars, total alkaloids,
and nicotine concentrations for processed and unpro-
cessed flue-cured tobacco leaves. Fit statistics for ana-
basine PLS regression models were intermediate. The
lowest fit statistics were for anatabine and norticotine,
suggesting that the use of a handheld NIR spectrometer
device would be less useful for these alkaloids. These
results demonstrate the utility of the handheld device to
accurately predict concentrations of reducing sugars,
total alkaloids, nicotine, and anatabine in tobacco leaf
samples and potentially speed up the screening and
analysis process by directly assessing the concentration
of the chemical constituents anytime after the point when
the leaves exit the curing barns.
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