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Abstract
It has been shown that the acoustic mechanical impedance (AMI) of the drying drops of wines can be used for their identification
with high accuracy. Every wine drop (3 µl) without any additional chemicals and pretreatment is allowed to dry on the polished
surface of a quartz resonator oscillating with a constant frequency of 60 kHz. The resulting AMI/Time curve represents the
dynamics of complex mechanical properties of drying sediments. We proved experimentally that this curve is a passport
characteristic of wine. Two approaches were used for parameterization of the AMI curves based on their geometrical features. One
of them is calculation of Shape Indices, and the other is wine recognition by learning self-organizing neural networks.
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1. Introduction
The wine quality estimation problem is as old as the world.
The best instrument for solving this problem is human natural
sensor system that combines nose, tongue and brain. Why?
They are capable of creating from thousands of separated
feelings one unique image of wine immediately, and
remember it. The only drawback of this method is that this
image cannot be digitized. The same holistic approach can be
realized on the base of the drying drop technology (DDT) that
we develop in the last decade [1, 2]. It uses only one integral
parameter of wine, which is its ID characteristic. It is a
dynamical parameter arising from the processes during drying
of a droplet of wine on the sensor surface [3]. This parameter
can be expressed in numerical form, which allows quantitative
comparison of different wines. No additional reagents and
sample pretreatment are required. A droplet of wine, sensor
surface and software, including etalon database of wine
samples collected in advance is all one needs. The time of
analysis practically corresponds to the drop drying time (15-20
min). Thus, DDT combines sensor technology and selforganization processes in sessile drying drops.
Let us
consider a number of technologies proposed for a rapid and
inexpensive analysis of liquid food products. Comprehensive
reviews of modern sensor technologies for applications for the
food and pharmaceutical industries can be found in the works
[4, 5]
. There are quite a number of technical solutions for enoses and e-tongues that combine a set of sensors or
electrodes in assay. Each sensor (or electrode) is designed to
recognize one chemical or a group of chemical substances due
to special binding (or electrical signals), and requires special
data processing – multivariate statistical techniques
(chemometrics) allowing combining this set of data into a
single image [6-9]. It looks too mechanistic. There are some
methods which use nonspecific interaction of components for
liquid recognition [10]. For example, the authors of the paper
[11]
present a luminescent fingerprinting-based method for
analysis of wine. This method is based on the use of a long

luminescence lifetime europium chelate label and individual
cross-reactive modulators in an array form. The europium
label signal, by default, is highly sensitive to the environment
of the label, enabling detection of weak interactions among the
label, the modulators and the sample. The resulting timeresolved fluorescence signals from the array are used to
generate a digital fingerprint for a given sample. The authors
present their work as a rapid, affordable and simple liquid
fingerprint technology. Really, each sample needs a lot of
additional chemicals, time-consuming pretreatment, including
30 min incubation, and 20 min reincubation during
measurements. The present century was marked by a growing
interest in self-organization processes in drying drops. A
detailed review of modern achievements in this area can be
found in the work [12]. First of all, this interesting physical
phenomenon was used for rapid medical diagnostics [13-16].
Then, the authors of the paper [17] developed a computer-based
classification and clustering of stains (dried drops images)
using pattern recognition algorithms. This technique allowed
them to recognize images of stains via inverted microscope as
signatures of fluid composition and substrate chemistry for
rapid biological testing. Two datasets of stain images were
produced, one with consumable fluids (beers, juices, liquors,
milk, red wines, and carbonated drinks), and the other with
different buffer solutions (model biological fluids). One can
hardly regard this analysis to be quick and inexpensive, as the
drops should dry for at least 24 hours before analysis, and the
analysis is performed using an inverted microscope and
special cameras. A specific feature of our approach is the
following. We consider a drying drop as a physical object with
time-varying mechanical properties, including mass,
viscoelasticity, and friction [2]. It is known that drying of thin
colloidal films is accompanied with the development of stress
and flexural deformation of the solidified sludge [18-20]. We
monitor this dynamics as a whole, using acoustic impedancemetry, and obtain a curve that shows tension Growth and
subsequent relaxation period in stain evolution (Fig. 1).
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Fig 1: Dynamics of wine drop drying process: the AMI curve and drop images at the beginning (a) and at the
end (b) of drying; (c) represents (b) after disturbing it by glass stick. It shows that a stain is in a viscoelastic
state. Rising part of the AMI curve corresponds to strain growth, and top-down part shows relaxation
(conversion to vicscoelastic state). 1, 2, Max and Mean are portions of the curve for shape analysis.

This curve represents acoustical (mechanical) impedance
(AMI) of a drying drop of liquid under study, and forms the
ID characteristics of its content and structure under certain
environmental conditions [21, 22]. Thus, the AMI curve
immediately after drop drying may be parametrized
automatically using software algorithms (Shape Indices) or
can be used for neural network analysis. In this paper, we
demonstrate both of these approaches for wine identification.
2. Materials and methods
Wine samples from new experimental and traditional grape
varieties were studied in this work: Johaniter (3 samples),
Solaris (3 samples), Bianca, Tsvetochniy, Sauvignon,
Riesling, Irshai Oliver (3 samples), Pinot blanc, Artemis,
Kaleas, Khara, Chardonnay, Tsitronniy Magaracha, Pinot noir,
Merlot, Verdot noir (3 samples), Tsvaigel, Alexampelo,
Panagia Tinu, Stavrokasis, Krimbas, Eremin, Apollo,

Makedonas, Anchalotta, Syrah (2 samples), Saperavi (3
samples). All samples were analyzed at the Scientific Center
“Wine-making” of FSBSO NСRRIH&V with the FTIR
express-analyzer WineScan Flex (FOSS, Denmark) in order to
determine the main physicochemical parameters (ethanol,
titratable and volatile acidity, reducing sugars, reduced extract,
pH, SO2, phenolic substances).
2.1 DDT Apparatus and Measuring Procedure
The block diagram of the device is reproduced in Figure 2. A
wine drop (volume of 3 μl) without any pretreatment dries on
the polished end of the quartz plate. The quartz oscillates with
a constant frequency of 60 kHz, which is equal to the
resonance frequency of unloaded resonator. The oscillation
amplitude is ≈10 nm, velocity is 5 mm/sec (for water), viscous
wave penetration depth into liquid drop is about 10 μm, but, as
soon as solidification begins, it increases progressively.

Fig 2: Block-diagram of the method.

Total electrical conductivity of the quartz plate loaded with a
drop is registered every 5× 10−3 sec, herewith intrinsic
conductivity of the unloaded resonator is constantly taken
away by the bridge circuit. The final signal of electrical
conductivity is converted to acoustical impedance as Eq. (1):
|Z| ̴ 1/I,

(1)

Where |Z| is the absolute value of the acoustical impedance of
the drop in contact with the resonator surface, I is the

registered signal. Indeed, we squared this index |Z|2 and
obtained a transformed signal named AMI with more
expressive shape of the curve for visual comparison. The
mirror polished quartz plate surface was washed repeatedly by
distilled water with a cotton swab before and after every test,
blotted by absorbent paper, treated by alcohol wipes (70%
ethyl alcohol), and finally blotted by absorbent paper once
more. This procedure takes now 5 min, and will be optimized
in future by acoustical cleaning. We checked quartz plate

26

European Journal of Biotechnology and Bioscience

clearance by special software. The measuring module with
quartz plate was placed in a special housing that did not limit
evaporation but protected the drop against incidental air
moving in the room. Before testing the samples were warmed
up to room temperature, carefully agitated by overturning the
tube not less than 10 times, and a drop with a volume of 3 μl
was placed on the quartz plate end by a micropipette (Biohit,
Finland). The registration procedure was started in automatic
mode just after placing the drop. All testing procedures were
carried out at T = 21˚C - 23˚C and H = 63% - 71% in a special
closed room (box).
2.2 Wine analysis by Shape Indices of AMI curves
AMI dynamics during drop drying was displayed on the
screen in automatic mode, writing on-line and saving by

means of special software. Every curve (some curves) from
the database (DB) could be displayed on the screen, as well as
be represented as a number (numbers) on the plane of features
in coordinates of the Shape Indices. Description of some
Shape Indices used here can be find in Appendices to the
paper [22]. Special software “Splitter” calculated arithmetic
mean (M) and standard deviation (Ϭ) of selected AMI curves
for every Shape Index, and represented them on the screen as
M ± 2Ϭ (concentric circles). The calculated parameters for
every curve were also available in a special window at the
interface. After measuring, Shape Indices were calculated for
every group of wine, and numerical differences between the
groups were represented by the software as M ± 2Ϭ (Fig. 3).
Correlation coefficients (r) between Shape Indices and wine
components were calculated in Excel program at p = 0.01.

Fig 3: Method scheme: a – drying drop with changing mechanical properties; b – interface of the
software with the AMI curves for two wines (in duplicate); c – parameterization procedure; d – data
representation on the plane of features (M±2Ϭ).
elimination of the outliers (no more than 20% of the sample
set size). Both calibration chart and the so-called component
map representing the interaction between different parts of the
AMI curve and the component concentration are formed
during this procedure. The pattern of concentrations
distribution over the component map can provide an insight
into stability of the constructed calibration.
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2.3 Wine analysis by neural network
AMI and time standardized wine testing results were used as
the source data for quantitative calculations (Fig. 4). The
neural network models were formed using self-learning selforganizing Kohonen maps [23]. Such approach can combine
natural structuring of the AMI curve groups and
physicochemical parameters of the samples. Quantitative
models were constructed with successive cross-validation and
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Fig 4: AMI curve standardization for building of the trained self-organizing maps.
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3. Results & Discussion
We compared four groups of samples (Table 1): red dry wine
(22 brands), white dry wine (15 brands), red semi-dry wine (6
brands) and white semi-dry wine (5 brands). Figure 5
demonstrates the AMI curves of wine samples under study. It
is shown that the curves of different types of dry and semi-dry
wines greatly differ from each other. The greatest difference
between dry and semi-dry wines is that the AMI curves of
semi-dry wines are about 5 times higher than the curves
corresponding to dry wines. This is due to their greater sugar

content, which provides greater density and viscosity of the
solution. This distinction can be viewed with the naked eye,
and may be also evaluated by Shape Index BS_1, which is
equal to the total derivative of a selected area of the AMI
curve (Fig. 3, c). The significance of differences between the
dry and semi-dry wines is p ˂ 0.001. Shape Index BU_1,
which is equal to [(Max/Mean) – 1] (Fig. 1), can reveal the
difference between the groups of wines by at least one
dispersion (Fig. 5, d).

Fig 5: Interface of the software. The AMI curves of wine brands (one curve – one brand, Tabl. 1). a – dry red wines (green
curves) and dry white wines (red curves); b – semi-sweet red wines (green curves) and semi-sweet white wines (red curves). c, d
– statistical differences (M ± 2Ϭ) between these kinds of wine: 1 – dry red, 2 – dry white, 3 – semi-dry red, 4 – semi-dry white.
Shape indices: c – BS_1, d – BU_1.
Table 1: List of wines under study
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15

Red Dry Wine
Granatoviy Avrora
Cabernet+Saperavi Yuzhnaya (1:1)
Cabernet Yuzhnaya
Cabernet+Saperavi+Merlot Yuzhnaya (1:1:1)
Pinot Franc Yuzhnaya
Saperavi Yuzhnaya
Cabernet Tetra Pak May D1
Cabernet D1
Cabernet Tetra Pak June D1
Cabernet G1
Pinot Noir
Verdot Noir 1
Verdot Noir 2
Verdot Noir 3
Tsvaigel

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15

White Dry Wine
Johaniter 1
Johaniter 2
Johaniter 3
Solaris 1
Solaris 2
Solaris 3
Bianca
Irshai Oliver 1
Irshai Oliver 2
Irshai Oliver 3
Pinot Blanc
Artemis
Kaleas
Khara
Tsitronniy Magaracha
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16
17
18
19
20
21
22
1
3
5

Alexampelo
Panagia
Stavrokasis
Krimbas
Eremin
Apollo
Makedonas
Red Semi-Dry
3-SC-13
Izabella Kuban-Vino
Chary Dionisa K579 Dolina

1
2
3
4
5

White Semi-Dry Wine
2-SC-13
Muscat Russkiy Azov
Chardonnay K598 Dolina
Tatyanin Den K599 Dolina
Muscatnoye K601 Dolina

2
4
6

Merlot Kuban-Vino
Izabella K571 Dolina
Cabernet Dolina

Table 2: Correlation coefficients between BS_1 and some wine components for red and white wines in total
Physical – Chemical Parameters
Wines Ethanol Extract Titratable acidity Reducing sugars Phenol derivatives SO2 Tartaric acid
White
0.47
0.98
0.12
0.98
0.95
0.33
-0.28
Red
0.24
0.89
0.45
0.87
0.87
0.58
-0.28

In accordance with non-parametric Wilcoxon-Mann-Whitney
Test (U), the significance of differences is p = 0.05. Table 2
shows that the greatest contribution to the Shape Index BS_1
is made by extract, reducing sugars and phenol derivatives.
Statistical differences between 10 brands of dry wines: 5 white

and 5 red that have been selected from the list randomly are
presented in Fig. 6. One can see that wine samples that did not
differ from each other by one shape index, may differ by
another one.

Fig 6: White and red dry wines on planes of features in cordinates of different Shape Indices. White wines: 1 - Artemis, 2 – Bianka, 3 –
Tsitronniy Magaracha, 4 – Khara, 5 – Johaniter; red wines: 6 - Alexampelo, 7 – Apollo, 8 – Eremin, 9 – Krimbas, 10 – Makedonas.

This gives hope that our approach is sensitive to wine
composition, and it may be useful for detecting counterfeits.
To test this hypothesis, we conducted a blind experiment with

10 unknown wine samples prepared by our partners. The
samples were numbered from 1 to 10. The result of our testing
is presented in Fig. 7: six samples (1-6) are distributed on
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phase plates close to each other, and the samples (7-10) form a
single complex at a certain distance. According to the analysis,

these differences are based on a different chemical
composition of two groups of wines (Fig. 8).

Fig 7: Red dry wines (blind experiment). 1-6 – wines and wine mixes (Table 1) were prepared in laboratory; 7-10 (Table 1) were bought in a
store.

Fig 8: The difference in the content of certain components in wine groups 1-6 and 7-10 (g/l)

They are: extract, titratable acidity, SO2 and profile of some organic components. It is possible also to use “BS-profiles” of wines
for their recognition (Fig. 9).

Fig 9: BS-profiles for different brands of red dry wine.
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Thus, we can say that our expectations were fulfilled and got
analytical confirmation. We can say that the shape of the AMI
curve adequately reflects the composition of the wine, and it is
possible to train neural networks on this basis. Next, we will

present our achievements in this area. Individual component
calibration results demonstrate rather high levels of the
correlation coefficients (more than 90%) (Fig. 10).

Fig 10: Calibration charts and trained component maps: a – ethanol (% v/v), b – titratable acidity (g/l), c – volatile acidity (g/l), d – SO2 (mg/l), e
– reducing sugars (g/l).

31

European Journal of Biotechnology and Bioscience

Such values are close to the results of express-analysis
methods and can be further improved by large-scale trainings
or using more uniform samples. Analysis of component maps
shows quite stable calibrations, except for reducing sugars.
Presumably, it can be corrected by the addition of samples
with a high component concentration. The method may be
useful for classifying grape variety and type even in the case
of a limited sample set of source wine production not worse
than other express-analysis methods such as infrared
spectroscopy. Classification accuracy can be significantly
improved with addition of sufficient reference wine data.
Correlations with the chemical composition of wines may
have limited applicability, but descriptiveness of this approach
is inferior to the traditional laboratory methods of wine
analysis.
4. Conclusions
Different brands of red and white dry and semi-dry wines
were inspected by DDT for wine recognition system
development. It was shown that dynamics of mechanical
properties of a wine drop during drying is a unique
informative parameter for wine content and quality. In
prospect, the method may be used for rapid wine counterfeit
determination both with library usage and the reference based
real-time processing. Low cost, zero sample preparation and
simplicity in use provide advantages of DDT, and guarantee
its application in future. The next technical version of our
device will be of the size of a palm. We hope it will be a
handy tool for wholesale buyers of wines, bars and restaurants,
as well as for people who can collect their own database,
compare “portraits” of favorite wines and reveal distinctions
between them. Finally, we hope that our technology will
contribute to solving the global problem of the present day –
worldwide distribution of wine counterfeits.
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