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Conﬁrmatory non-invasive and non-destructive
diﬀerentiation between hemp and cannabis using
a hand-held Raman spectrometer†
Lee Sanchez,a Conor Filter,b David Baltenspergerc and Dmitry Kurouski

*ad

Cannabis is a generic term that is used to denote hemp plants (Cannabis sativa) that produce delta-9tetrahydrocannabinolic acid (THCA) in amounts higher than industrial hemp. While THCA itself is not
considered psychoactive, it is the source of the psychoactive delta-9 tetrahydrocannabinol (THC) that
forms from its oxidation. About 147 million people, which is around 2.5% of the world population,
consume cannabis. This makes cannabis by far the most widely cultivated and traﬃcked illicit drug in the
world. Such enormous popularity of cannabis requires substantial eﬀort by border control and law
enforcement agencies to control illegal traﬃcking and distribution. Conﬁrmatory diagnostics of cannabis
is currently done by high pressure liquid chromatography (HPLC), which requires sample transportation
to a certiﬁed laboratory, making THC diagnostics extremely time and labor consuming. This catalyzed
a push towards development of a portable, conﬁrmatory, non-invasive and non-destructive approach for
cannabis diagnostics that could be performed by a police oﬃcer directly in the ﬁeld to verify illicit drug
possession or transport. Raman spectroscopy (RS) is a modern analytical technique that meets all these
strict expectations. In this manuscript, we show that RS can be used to determine whether plant material
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is hemp or cannabis with 100% accuracy. We also demonstrate that RS can be used to probe the
content of THCA in the analyzed samples. These ﬁndings suggest that a hand-held Raman spectrometer
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can be an ideal tool for police oﬃcers and hemp breeders to enable highly accurate diagnostics of
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THCA content in plants.

Introduction
Drug traﬃcking involves cultivation, manufacture, distribution
and sale of substances that are subject to drug prohibition
laws.1 On a federal and state-specic level, drug traﬃcking is
considered a felony oﬀense that carries serious consequences
such as prison time and signicant monetary nes. Worldwide,
sentences for drug distribution and traﬃcking generally range
from 3–5 years to life in prison or even the death penalty.1
Cannabis is by far the most widely cultivated and traﬃcked
illicit drug in the world.1 The problem of cannabis traﬃcking is
especially challenging in the United States, as 11 states and
Washington DC have legalized it for recreational use, 33 states
have legalized cannabis for medicinal use and 15 states have
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decriminalized cannabis.2 U.S. Customs and Border Protection,
the Drug Enforcement Administration, and state and local
police departments across the country spend enormous nancial resources to cease the traﬃc of illicit drugs. For instance, in
2015 alone, the federal government spent an estimated $9.2
million every day towards the incarceration of people charged
with drug-related oﬀenses; and since 1971, the war on drugs has
cost the United States an estimated $1 trillion.3
A substantial portion of these expenses is used for forensic
analyses of potential drug substances, which are primarily done
by HPLC and mass spectrometry.4–7 These sophisticated tests
are destructive, time consuming and can only be performed in
certied laboratories. This drastically delays the times of analysis for potential drug substances.7 This problem has catalyzed
a push towards the development of portable tests that can be
performed directly in the eld and can conrm the presence of
an illicit drug. Several companies have come up with tests that
were based on a color change upon interaction of a specic
reagent with the drug of interest. However, such tests did not
nd broad applications in forensic practice due to their high
cost, destructive nature and a lack of a quantitative response.8
Their application is far more challenging for hemp vs. cannabis
diagnostics because hemp may legally contain up to 0.3% THC,
the major psychoactive component of cannabis. However, this
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legal amount of THC can give positive color change on those
tests.
We hypothesized that hemp vs. cannabis diagnostics can be
done using Raman spectroscopy. This analytic technique is
based on inelastic light scattering of photons, which excite
molecules in the sample to higher vibrational or rotational
states.9 Aer these inelastically scattered photons are collected
by a spectrometer, the change in the photon energy is determined. Since the change in the photon energy will directly
depend on the vibrational properties of the sample, RS can be
used to probe structure and composition of analyzed specimen.
Our group previously demonstrated that RS can be used to
detect and identify presence of urine on police uniform10 as well
as diagnose biotic and abiotic stresses on plants.11,12
In the current study, we show that a hand-held Raman
spectrometer can be used to determine whether the sample of
interest is hemp or cannabis with 100% accuracy. Moreover, we
show that RS can be used to probe the content of THCA in
cannabis. This makes this approach highly suitable for police as
such analysis is non-invasive and non-destructive and can be
performed directly in the eld.

Experimental
Plants
Hemp and cannabis plants were grown at Evergreen Enterprises
LLC located in Denver, CO. Buds of 5–10 fresh hemp plants and
10–15 diﬀerent fresh-frozen cannabis plants of three varieties
known as “triple chocolate chip (TCC)”, “gelato cake (GC)”, and
“twisted sherbert (TS)” were used. Fresh-freezing of plants was
performed by placement of plant buds into freezer at 10 to
15  C. Fresh-freezing is a standard procedure in cannabis
farming that is used to preserve cannabinol content of plants
during their post-harvest processing. Based on visual examination, fresh-freezing does not result in any noticeable changes
in plant appearance or texture. Cannabinol content of hemp
(0.07% THCA) and cannabis (TCC: 10.31% THCA, GC: 6.12%
THCA, and TS: 4.05% THCA) strains was determined by Agricor
Laboratories. Certicates of analyses are provided in the ESI.†
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were scaled to unit variance to give all spectral regions equal
importance. Orthogonal partial least squares discriminant
analysis (OPLS-DA) was performed in order to determine the
number of signicant components and identify spectral regions
that best explain the separation between the classes. Standard
normal variate (SNV) correction followed by the rst derivative
was applied to the spectra normalized by the total area. Next,
using OPLS-DA, we determined the number of predicting and
orthogonal signicant components and identied spectral
regions that best explain the separation between the classes. In
order to give each of the spectral regions equal importance, all
spectra were scaled to unit variance. Raw spectra, containing
wavenumbers 701–1700 cm 1, were retained in the model that
resulted from this iteration of OPLS-DA.

Results and discussion
We found that the Raman spectrum of hemp is dominated by
vibrational bands that could be assigned to cellulose, carotenoids and lignin, Fig. 1, Table 1.13 At the same time, spectra
collected from GC, TCC and TS clearly demonstrate presence of
THCA. Specically, we observed vibrational bands at 780, 1295,
1623, and 1666 cm 1 in the spectra of GC, TCC and TS that can
be assigned to THCA. We also observed a change in the intensities of bands at 916, 993, 1000, 1084, 1155, 1185, 1267, 1321,
and 1525 cm 1 in the spectra collected from GC, TCC and TS
relative to the intensities of these bands in the Raman spectrum
of hemp. However, the change in intensities of these vibrational
bands cannot be used for conrmatory diagnostics of THCA
presence because these bands have also been observed in the
spectrum of hemp and can be assigned to carbohydrates and
cellulose. Nevertheless, the change in intensities of these
vibrational bands suggests about structural diﬀerences between
hemp and cannabis plants. For instance, we found that

Raman spectroscopy
Raman spectra were taken with a hand-held Resolve Agilent
spectrometer equipped with 831 nm laser source (beam diameter 2 mm). Resolve spectral resolution was 15 cm 1. Samples
were brought in a direct contact with the spectrometer for
spectral acquisition. The following experimental parameters
were used for all collected spectra: 10 s acquisition time, 495
mW power. The spectra were automatically baselined by the
instrument soware. In total, 20–23 spectra were collected from
each sample type (hemp or individual cannabis variety). Spectra
shown in the manuscript are raw baseline corrected, without
smoothing.
Multivariate data analysis
SIMCA 14 (Umetrics, Umeå, Sweden) was used for statistical
analysis of the collected Raman spectra. All imported spectra
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Fig. 1 Top: Raman spectra collected form hemp (green), GC (purple),
TCC (blue) and TS (red). Bottom: Raman spectrum of THCA extract
(maroon). Spectra normalized on CH2 vibrations (1440 and 1455 cm 1)
that are present in nearly all classes in biological molecules (marked by
asterisks (*)).
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Vibrational bands and their assignments for hemp, cannabis species and THCA

Band

Vibrational mode

Assignment

780
835
916
993–1000
1084
1114
1155
1185
1212–1228
1267
1285
1295
1321
1376
1440
1455
1527–1551
1610
1623–
1691

TBA
TBA
n(C–O–C) in plane, symmetric
n3(C–CH3 stretching) and phenylalanine
n(C–O) + n(C–C) + d(C–O–H)
nsym(C–O–C), C–OH bending
nasym(C–C) ring breathing
n(C–O–H) next to aromatic ring + s(CH)
d(C–C–H)
C–O stretching (aromatic)
d(C–C–H)
TBA
dCH2 bending vibration
dCH2 bending vibration
d(CH2) + d(CH3)
dCH2 bending vibration
–C]C– (in plane)
n(C–C) aromatic ring + s(CH)
Aromatic
n(C]O)

THC/THCA
THC/THCA
Cellulose, lignin14
Carotenoids, protein8,15
Carbohydrates16
Cellulose17,18
Carbohydrates, cellulose14
Xylan19,20
Aliphatic,21 xylan19
Lignin22
Aliphatic21
THC/THCA
Cellulose, lignin14
Aliphatic21
Aliphatic21
Aliphatic21
Carotenoids23,24
Lignin25,26
THC/THCA27
Carboxyl groups28

vibrational bands at 993, 1000 and 1525 cm 1, which can be
assigned to carotenoids, are more intense in the spectrum
collected from hemp relative to the intensity of this band in the
spectra collected from cannabis species. This result indicate
that hemp have higher carotenoid content comparing to
cannabis plants. Similarly, we found that intensities of 946,
1084 and 1155 cm 1 bands are stronger in the spectrum of
hemp comparing to cannabis plants. This nding suggests that
amount of cellulose is higher in hemp comparing to cannabis
species.13
To further prove our expectation that RS can be used for
highly accurate diﬀerentiation between hemp and cannabis, we
used OPLS-DA analysis. The nal model, containing one
predictive component, 2 orthogonal components and 1001
(701–1700 cm 1) out of 1651 original wavenumbers, was used to
generate the misclassication table (Table 2) and the loadings
plot (Fig. 2).
The rst predictive component (PC) (Fig. 2) explain 94% of
the variation between classes. Absolute intensities in the
loading spectrum are proportional to the percentage of the total
variation between classes explained by each wavenumber. The
model identied the peak at 781 cm 1, which could be assigned
to THCA (Table 1), cellulose and lignin peaks at 925 cm 1 and
the bands at 1260–1320 cm 1, which correspond to both THCA

and cellulose. Also, the model identied peaks at 1440 cm 1,
which could be assigned to aliphatic vibrations and bands at
1623–1660 cm 1, which originate from THCA, to be the strongest spectral markers of cannabis, which supports the conclusions of our qualitative spectral analysis above. The model
explained 48% of the variation (R2X) in the spectra and correctly
assigned all 86 spectra to their classes (Table 2, Fig. S1†). This
indicates that coupling of OPLS-DA with RS allows for a 100%
accurate diﬀerentiation between cannabis and hemp.
Next, we asked a question whether RS can be used for
quantitative prediction of the THCA content in cannabis, as well
as identication of cannabis variety. HPLC analyses of TCC, GC
and TS samples allowed to determine the THCA content which
was found to be 10.31%, 6.12% and 4.05%, respectively. Our
results demonstrate that intensity of the 1623 cm 1 band
directly correlates with the amount of the THCA content in the
cannabis, Fig. 1. We used analysis of variance (ANOVA) to
visualize the correlation of intensity of 1623 cm 1 band with the
content of THCA in the analyzed plant material, Fig. 3. These
results suggest that RS can be used for quantitative prediction
of the THCA content in intact plant materials. However, more
experimental work is needed at this point to determine the

Table 2 Accuracy of classiﬁcation by OPLS-DA for cannabis (GC, GCC
and TS) vs. hemp

Cannabis
Hemp
Total
Fisher's prob.

Members

Correct

Cannabis

Hemp

64
22
86
5.9  10

100%
100%
100%

64
0
64

0
22
22

21
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Loading plot of the predictive component in the Raman spectra
of cannabis and hemp.

Fig. 2
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It should be noted that in plants THC is present in carboxylated form of THC, known as THCA. Upon decarboxylation,
which can be induced by thermal heating, THCA is converted to
THC. Spectroscopically, the carboxyl group of THCA is evident
from the vibration at 1691 cm 1, which was observed in our
spectra. One could expect that other vibrational bands that were
assigned to THCA would originate from THC since decarboxylation is the only structural transformation in the molecule
upon THCA to THC conversion. Specically, our spectroscopic
analysis was based on 1623 cm 1 band, which originate from
aromatic moiety present in both THCA and THC. Therefore, we
can speculate that RS allows to predict the amount of THC in
the analyzed sample without necessary oxidation of THCA to
THC.

Means (circles) and conﬁdence intervals for the intensities of
1623 band of THCA for hemp, GC, TCC and TS, normalized to 1440
cm 1.
Fig. 3

accuracy and the range of THCA prediction. This work is
currently in progress in our laboratory.
Utilization of OPLS-DA allowed for quantitative diﬀerentiation between three diﬀerent classes on cannabis, Table 3. The
nal model, containing 2 predictive components, 2 orthogonal
components and 1001 (701–1700 cm 1) out of 1651 original
wavenumbers, was used to generate the misclassication table
(Table 3) and the loadings plot (Fig. S2†). The rst two
predictive components (PC) explain 42% and 36% of the
variation between classes respectively, which collectively
accounts for 78% of the total class-to-class variation. Absolute
intensities in the loadings spectra are proportional to the
percentage of the total variation between classes explained by
each wave-number within each component. The model identied the peak at 781 cm 1 (PC1), cellulose and lignin peaks at
925 cm 1 (PC1), the bands at 1250–1340 cm 1 (PC1), 1440
cm 1 (PC1) and the region of 1580–1670 cm 1 (PC1) to be the
strongest spectral markers representing the three cannabis
species, which supports the conclusions of our qualitative
spectral analysis above. The model explained 48% of the
variation (R2X) in the spectra and 78% (R2Y) of the variation
between the classes. Furthermore, the model correctly
assigned 84 out of 86 spectra to their classes (Table 3). Our
results demonstrate that coupling of OPLS-DA with RS allows
for a 97% accurate identication of the cannabis variety.

Table 3 Accuracy of classiﬁcation by OPLS-DA for cannabis (GC, GCC
and TS) vs. hemp

GC
TCC
TS
Total
Fisher's prob.

Members

Correct

GC

TCC

TS

20
21
23
64
1.9  10

95%
100%
96%
97%

19
0
1
20

1
21
0
22

0
0
22
22

23
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Conclusions
Our results clearly demonstrate that RS can be used for conrmatory, non-invasive and non-destructive detection and identication of cannabis. We showed that RS allowed for highly
accurate diﬀerentiation between cannabis and hemp and
prediction of cannabis variety. Because of the portable nature of
our analysis, this spectroscopic approach will be highly advantageous for police and border control oﬃcers. Also, these results
demonstrate that RS can be a great tool for hemp cultivation
and breeding allowing for accurate detection of THCA levels in
intact growing plants.
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