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ABSTRACT
In industrialized wine production, brewing and aging are two key
steps. These two processes require the liquors to be bottled for a
long time, sometimes more than ten years. The liquor is vulnerable
and highly susceptible to microbial contamination during storage,
causing undetectable deterioration. During the production process,
wineries control the indoor temperature and carbon dioxide con-
centration to slow down other microorganisms’ reproduction speed.
These methods, however, do not prevent pathogenic microorgan-
ism growth. Currently, microbial culture methods are not suitable
for real-time liquor quality monitoring in wineries. Therefore, we
have designed a lightweight monitoring system called Lili, which
uses light signals to monitor real-time liquor quality changes. Lili
detects the changes in surface tension and absorption spectrum
caused by microbial metabolites and growth during deterioration.
Lili employs eight LEDs and one photodiode to achieve fine-grained
surface tension and absorption spectrum measurements. By ana-
lyzing these changes, Lili realizes real-time quality monitoring. In
this paper, the characteristic offset degree measurement and the
absorption spectrum dimension expansion are two critical technolo-
gies. In addition, we implemented countermeasures against ambient
light noise and sloshing interference. Lili’s surface tension and ab-
sorption spectrum measurement errors are only 0.89 mN/m and
2.4%, respectively, making it useful to identify the contamination
duration, microorganism content and microorganism composition.
These two data points can be used to determine potential issues
with liquor quality when the liquor becomes health-threatening or
even just contaminated, with an accuracy of 97.5%.
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1 INTRODUCTION
In wine production [1], brewing and aging are two significant steps,
lasting from several months to more than ten years, and can mask
food safety risks. During this period, numerous microorganisms be-
gan to grow and multiply. The existing liquid quality measurement
technologies, including the spread plate method with microbial cul-
tures [2] and microbial detection based on ATP fluorescence [3], are
tedious and expensive. To reduce costs [1, 4], specialized wineries
control the wine cellar’s temperature and carbon dioxide concentra-
tion to ensure that yeasts survive in a suitable environment. Such
controls can reduce only the rate of pathogenic microorganism
reproduction, and wine contamination cannot be detected until the
end of aging by sampling and testing and can cause severe food
safety issues in alcoholic beverages [5]. These deteriorating liquids
are considered serious food safety hazards [6–8], causing fever,
diarrhea, allergies, and even shock. For a long time, late detection
of deteriorating liquids has resulted in severe economic losses in
manufacturing [9, 10]. Deteriorated liquid contains pathogenic mi-
croorganisms [11, 12], including Staphylococcus aureus, Escherichia
coli, Vibrio casei, Halomonas, Aspergillus flavus, Salmonella, Penicil-
lium, Mucor, Serratia, Aspergillus niger, etc. These microorganisms
produce a great number of harmful or even carcinogenic substances
[13, 14], such as nitrite, aflatoxin, ammonia and hydrogen sulfide.
According to a 2020 report from the World Health Organization
[15]: 600 million – almost 1 in 10 people globally – fall ill after
eating contaminated food, and 420,000 die every year, resulting in
the loss of 33 million healthy life years (DALYs).
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Figure 1: Winery and brewing process.

Safety testing in a winery involves two main sets of product tests:
determining chemical indexes and microbial culture counts, includ-
ing pH measurements [16], the spread plate method with microbial
cultures [2], and microbial detection based on ATP fluorescence
[3, 17]. Such testing is time-consuming and cumbersome and has a
high probability of inspection misses. Some researchers have de-
signed an electronic nose [18] to identify deterioration through
smell fingerprints. This expensive high-precision equipment can
detect deterioration only when barrels are open and cannot detect
real-time deterioration during the production process. The latest
studies have used different technologies, including detection based
on light signals [19, 20], RFID [21], ultra-bandwidth signals [22] and
mechanical vibrations [23] to identify liquids, but they are difficult
to employ in the production process.

Against this backdrop, we pose some questions to address these
challenges. Can we find an alternative to the traditional methods
of microbial cultivation? Is it possible to achieve real-time liquor
quality measurements, can they be made with common instru-
mentation? Researchers found that deterioration can change liquid
properties [20, 24, 25], especially at the surface. Deterioration of
a liquid will change its surface tension [24, 25], and the microor-
ganisms inside will further cause a subtle change in the absorption
spectrum [20]. The microorganisms on a liquid surface change the
composition by decomposing the original nutrients and releasing
metabolites. Therefore, if we can conduct the surface tension and
absorption spectrum measurement within a short time interval, we
can achieve real-time monitoring of liquor quality.

Although numerous studies have proposed measurement meth-
ods for the surface tension [26–28] and absorption spectrum [29–
31] of liquids, the acquisition of traditional detection instruments,
which are large and expensive, is difficult for many laboratories.
In the latest research, researchers have continued to increase the
accessibility and simplicity of surface tension detection methods
[32, 33]. For example, CapCam [33] uses a mobile phone’s high-
definition camera to measure surface tension of a liquid through the
bottom of a disposable paper cup, but it is challenging to measure
nontransparent liquids, such as red wine, within a sealed container
with this device.

In this paper, we propose a lightweight system named Lili—liquor
quality monitoring with light signals—that can be installed in brew-
ing equipment after encapsulation. Instead of using cameras or
other expensive components, Lili utilizes only 8 LEDs and a single
photodiode. Lili activates a vibro-motor on a container to generate
capillary waves during measurement. From reflected light, Lili can
perceive subtle alterations in surface tension caused by liquor de-
terioration. Using self-designed dimension expansion technology,
Lili adjusts the LEDs to achieve fine-grained absorption spectrum

Figure 2: Cross section schematic diagram.

measurements to identify tiny changes in liquor composition after
vibration ceases.

There are several challenges to implementing this system. First,
a single photodiode cannot capture capillary waves directly via
imaging, so we need to establish a model to characterize capillary
wave wavelengths. Second, affected by vibration disturbances, the
received light signal produces many complex frequency signals,
making it difficult for us to find the features resulting from the
capillary wave wavelength changes. Third, as the LED waveband is
narrow, the reflected light can display the absorption spectrum in
only this narrow waveband. Moreover, this narrow-band reflected
light compresses to an average value after being received by the
photodiode. With this coarse-grained information, it is difficult to
identify the subtle changes caused by microbial decomposition and
metabolism. Fourth, reducing the effects of ambient interferences
is challenging.
Contributions:We are the first to propose a real-time monitoring
system, Lili, for liquor quality. Lili can be installed on brewing
equipment for long-term monitoring. Furthermore, because it uses
common instrumentation, Lili has low power consumption and is
inexpensive and suitable for large-scale deployment. Moreover, we
have proposed a new surface tension measurement with an error
of only 0.89 mN/m. Finally, we designed a dimension expansion
method for a coarse-grained absorption spectrum that detects very
small changes in liquor components caused by decomposition of
the original nutrients and metabolite release.

The rest of the paper is organized as follows: In Section 2, we
detail how the LED and photodiode modules can detect the features
of liquor surface tension and absorption spectra on the basis of
theoretical models. Section 3 describes a feasibility study. After a
system overview in Section 4, we introduce the system design and
illustrate howwe addressed the challenges in Section 5. In Section 6,
we present several case studies evaluating the system performance.
We discuss related work in Section 7 and conclusions and future
work in Section 8.

2 THEORY OF OPERATIONS
This section will introduce the theoretical models for liquor quality
detection.

2.1 Surface Tension
Surface tension is an essential property of liquids. Generally, liquid
surface molecules will reduce the contact area with air to maintain
the most negligible surface energy. The force among liquid surface
molecules is called surface tension, a type of van der Waals force.
Surface tension can be expressed as [34, 35],𝜛2 = 𝑔𝐾 + 𝛾𝐾

3

𝜌 .𝜛 is the
angular frequency of a surface capillary wave, 𝐾 is the wavenum-
ber of the surface capillary wave, 𝛾 is the surface tension, 𝜌 is the



Lili: LiquorQuality Monitoring Based on Light Signals ACM MobiCom ’21, October 25–29, 2021, New Orleans, LA, USA

liquid density, and 𝑔 is acceleration due to gravity. Pathogenic mi-
croorganism contamination causes liquid quality deterioration and
produces harmful carcinogenic metabolites. These microorganisms
need oxygen to multiply and therefore first grow on the surface
of a liquid. The decomposed nutrients and released metabolites
from growing microorganisms affect the van der Waals forces be-
tween molecules, consequently changing the surface tension. By
analyzing these changes, we can monitor liquor quality.

2.2 Principle behind the Surface Tension
Measurement

Considering cost and power consumption, we use the most com-
mon LEDs and photodiodes. In this section, we explain how LEDs
and photodiodes can be used to measure surface tension. Because
capillary waves are tiny and far away from the LED, we can assume
that the incident rays that project to the liquid surface are parallel.
As shown in Figure 2, due to the arc shape, each convex wave can
exist in only one tangent plane that satisfies the law of reflection;
that is, the angle of incidence is equal to the angle of reflection.

To find the reflection point locations, we model the reflective
liquid. As shown in Figure 3, we assume that a surface capillary
wave generated by a liquid is a sine curve, 𝑦 = sin𝑥 , and the
point (𝑎0, sin𝑎0) on the curve is the reflection point. The receiver
is a photodiode, which locates at the Cartesian axes (𝐿,𝐻 ). Then,
we can obtain the tangent equation at this point as 𝑦 = sin𝑎0 +
cos𝑎0 (𝑥 − 𝑎0). Next, we can get the reflection path equation: 𝑦 =
sin𝑎0−𝐻
𝑎0−𝐿 𝑥− (sin𝑎0−𝐻 )𝐿

𝑎0−𝐿 +𝐻 . Because the normal line is perpendicular
to the tangent plane, we can infer that the normal line equation is
𝑦 = sin𝑎0− 1

cos𝑎0
(𝑥 − 𝑎0). At thismoment, we can use𝑦 to calculate

the reflection angle between the reflected ray and the normal 𝛼1 =

arctan

����� sin𝑎0−𝐻
𝑎0−𝐿

+ 1
cos𝑎0

1− sin𝑎0−𝐻
𝑎0−𝐿

1
cos𝑎0

�����. As the incident rays are parallel, we assume

that the angle with the horizontal plane is 𝛽 . Then, we can obtain
the incident angle between the incident ray and the normal, 𝛼2 =

arctan

����� tan 𝛽+ 1
cos𝑎0

1− tan 𝛽

cos𝑎0

�����. We simultaneously set 𝛼1 and 𝛼2, let 𝛼1 = 𝛼2,

set 𝑎0 = 𝑘𝜆 + 𝑐 , and then obtain all feasible solutions, which are the
tangent plane positions of each convex wave. Among them, 𝜆 is the
capillary wave wavelength, 𝑘 is a nonnegative integer, 0 < 𝑐 < 𝜆.

Next, we use the feasible solutions to establish a simulation
model. As shown in Figure 4 (a), we set two different liquid surface
tensions 𝛾1 and 𝛾2 (𝛾1 > 𝛾2), and the wavelengths of the capillary
waves are 𝜆1 and 𝜆2 (𝜆1 > 𝜆2). Considering that there will be scatter-
ing in light propagation, we set the area around the reflection point
as the photodiode’s receiving range. When the vibration generates
capillary waves, they spread from the center to the surroundings,
and these ripples will spread outward at a constant velocity 𝑉 . We
assume that the area inside the rectangle is the photodiode’s receiv-
ing area. After that, we calculate the total light intensity received
by the photodiode and observe the change over time. As shown in
Figure 4 (b), lower surface tension will result in a higher frequency
of the reflected light signal.
2.3 Absorption Spectrum
In this section, we introduce how liquid composition changes affect
the absorption spectrum. When electromagnetic waves irradiate a

substance, phenomena such as transmission, absorption and scat-
tering occur. These phenomena come from interactions between
the electromagnetic waves and internal components (such as atoms,
molecules and macromolecules), influencing the wavelength [36].
For example, in Figure 5, the energy of an atom is quantized, form-
ing energy levels. When the atom is in a completely free state, it
has the lowest energy, called the ground state energy 𝐸0. Under
the action of heat, electrical energy or light energy, the ground
state absorbs energy. The outermost electron undergoes a transi-
tion from a low energy state to a higher energy state, resulting
in an excited state atom. The wavelength and frequency of the
atomic absorption spectrum are determined by the energy differ-
ence Δ𝐸 between the two energy levels that produce the transition:
Δ𝐸 = 𝐸𝑞 − 𝐸0 =

ℎ𝑐
𝜆

= ℎ𝑣 . 𝐸𝑞 is the energy of the excited atom, 𝐸0 is
the ground-state energy, 𝜆 is the wavelength in the spectrum, 𝜐 is
the frequency, 𝑐 is the speed of light, and ℎ is the Planck constant.
The ground-state atom can transition to the high-energy state 𝐸𝑞
only by absorbing light with a frequency of 𝜐 =

𝐸𝑞−𝐸0
ℎ

. Therefore,
the atomic absorption spectral line also depends on the element’s
atomic structure, and each element has characteristic absorption
lines. The number of spectral lines directly depends on the number
of atomic energy levels. Suppose the number of atomic energy lev-
els is 𝑛, and the ground state is excited to all levels of highly excited
states. In that case, the number of atomic absorption spectra that
may be generated is 𝑁𝑒𝑚 = 𝑛2

2 .
Microorganisms change the liquid composition and destroy parts

of an element’s atomic structure, leading to changes in the ele-
ment composition. Therefore, the interaction between light and the
substance interior is also changed, which can be reflected in the
absorption spectrum.

3 FEASIBILITY STUDY
We verify the proposed model and demonstrate its feasibility with
a 3D-printed cup in this section

3.1 Experimental Setup
To verify the feasibility of the model, we used common plastic
polymethylmethacrylate (PMMA) in this experiment to print a
double-layered cup as the container, as shown in Figure 6. We
installed a Taptic Engine Vibro-motor on the bottom of the inner
cup as the driving force to generate capillary waves. The inner cup
was 7.3 cm in diameter, 8.1 cm in height, and 1 mm in thickness
and could hold 300 ml when vibrating. The outer cup was 4 mm
larger in diameter than the inner cup. The double-layer structure
allowed the outer cup to be separated from the inner cup, which
protected the outer cup from vibration. On the top, there was a 2
mm thick flat plate as the lid and eleven alternately mounted LEDs
with different wavelengths (940 nm, 1070 nm, 1200 nm, 1300 nm,
1370 nm, 1460 nm, 1550 nm, 1600 nm, 1700 nm, 1850 nm and 1950
nm) on one side 2 cm away from the circle center. The lid fit on the
outer cup. An InGaAs photodiode has an acceptable spectral range
of 800-2000 nm, with sampling at 5.6 kHz. We used a JK99B surface
tension detector and NIR2500 spectrometer to measure the surface
tension and absorption spectrum (900-2500 nm). We also used a
Sysmex-Partec CyFlow Cube 6 flow cytometer (FCM) detector to
determine the microbial counts. The following experiments were
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Figure 3: Model of the location of a
reflection point.

Figure 4: Simulation model. (a) Top view. (b) Changes in the intensity of light
received by the photodiode.

Figure 5: Absorption
Spectrum Model.

Figure 6: Container and hard-
ware module for the confirma-
tory experiment.
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Figure 7: Themonochromatic LED absorption spectrum and
the ground-truth spectrum from the spectrometer.

performed in a dark room at 25℃. We conducted experiments on
liquids during the aging of four types of wine: red wine (crushed
grapes), rice wine (glutinous rice), sake (rice) and spirits (sorghum
and corn).

3.2 Reflected Light Signal of Contaminated
Liquor

We utilized brewed semifinished wine in these experiments and
E. coli, a common pathogenic microorganism, as a contaminant.
We dropped an E. coli culture solution (2.7 × 106 cells/ml) into
the four semifinished wines and exposed them to air for 72 hours.
The experiments mimicked the contamination of microorganisms
during the aging process of wine. We prepared ten replicates of each
sample. To prevent interference from vibration, we fixed the lid
on a separate column. Moreover, we analyzed the surface tension,
the reflected light signal (under vibrating and static conditions)
and the absorption spectrum of the wine every 30 minutes. When
vibration began, we turned on all the LED lights and adjusted the

duty cycle to 100%. Next, we collected the reflected light signal from
the photodiode for 5 seconds. Then, we converted the signal to the
frequency domain and found the most significant peak frequency.
As shown in Figure 8, we observed that the surface tension was
negatively correlated with the peak frequency. This phenomenon
was consistent with the simulation model in Section 2.2.

In the next step, we stopped the vibration and used the LED to
irradiate the each liquid sample for 2 seconds. Subsequently, we
analyzed the intensity of the reflected light received by the photodi-
ode (arbitrary units) and arranged the values obtained by each LED
in ascending order of light wave wavelength. The reorder vector
was called the LED absorption spectrum. Furthermore, we used
an NIR2500 spectrometer to measure the ground-truth absorption
spectrum. As shown in Figure 7, the monochromatic LED absorp-
tion spectrum was not sensitive to liquid deterioration because the
change in absorption spectrum was not uniform and some spec-
tral regions did not change as the liquid deteriorated. As shown in
the ground-truth spectra, as deterioration occurred, the absorption
spectrum underwent the most significant changes near 1300 nm,
1400 nm, 1460 nm, 1600 nm and 1700 nm.

3.3 Measurement of Liquor Deterioration
To assess liquor deterioration, we measured the surface tension and
absorption spectrum of the four uncontaminated wines after aging
for 72 hours. The surface tension changes among the different wines
were inconsistent, as shown in Figure 9 (a), because the raw mate-
rials were different. We also measured the surface tension changes
in different samples of contaminated red wine. Figure 9 (b) shows
that the surface tension of the contaminated samples fluctuated
over time. However, the same surface tension can be recorded from
both a deteriorated sample and an undeteriorated sample, prohibit-
ing the determination of the deterioration degree. Therefore, this
parameter must be combined with other characteristics, such as
the absorption spectrum. In Figure 10, we show the changes in the
absorption spectra of different wines during aging. The intensities
near wavelengths of 1250 nm, 1400 nm, 1460 nm, 1600 nm and 1700
nm change significantly. This indicates that these wavelengths may
be related to microorganisms and their metabolites.

Similar to the observations described in Section 3.2, the changes
in the surface tension and absorption spectra of contaminated
liquors are quite different from those of uncontaminated liquors.
Considering these differences, we can use surface tension and the
absorption spectrum together to assess liquor quality. However,
unknown microorganisms may result in coincident eigenvectors
at certain moments, which can make it difficult to establish eval-
uation criteria. Moreover, because it is impractical to determine
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Figure 11: (a) The surface tension cumulative error. (b) The
cumulative error in the absorption spectrum vectors.

all microorganism characteristics, feature classification cannot be
used to evaluate liquor quality. To solve this problem, we propose
a new discrimination method based on the feature path deviation
degree that takes advantage of the temporal variation of features.
The principle behind this method is to transform the eigenvector
into a time-varying path in superdimensional space and calculate
the degree of deviation between the measurement path and the
standard path.

We first needed to normalize the uncontaminated liquor eigen-
vectors. We mapped every dimension to the interval [0, 1] and
obtained the standard ®𝐿𝑅𝑒𝑓 = [𝑆𝐹𝑡 , 𝐴𝑆𝑖 (𝑡)], where 𝑡 is the time,
𝑆𝐹 is the surface tension value, and 𝐴𝑆 is the absorption spectrum
vector. We set the initial point ®𝐿𝑅𝑒𝑓 (𝑡0) =

[
𝑆𝐹𝑡0 , 𝐴𝑆𝑖 (𝑡0)

]
as the

reference point and calculated the difference between the mea-
sured point and the reference point at each moment Δ®𝐿𝑅𝑒𝑓 (𝑡0) =
®𝐿𝑅𝑒𝑓 (𝑡) − ®𝐿𝑅𝑒𝑓 (𝑡0). We set the 𝑒𝑛𝑑 −1 difference vector Δ®𝐿𝑅𝑒𝑓 (𝑡0)
from 𝑡0 to 𝑡𝑒𝑛𝑑 as the standard path.

We used red wine as the experimental object and set up ten ex-
perimental groups. Each group received 1 - 10 drops (0.05 ml/drop)
of E. coli culture solution (2.7 × 104 cells/ml) and was analyzed
every half an hour over a 72-hour period. We used E. coli, which
is generally used to assess sanitary conditions in food handling
environments [37]. In general [37–39], an environment is consid-
ered very hygienic if the number of Enterobacteriaceae bacteria
detected per gram of food is less than 102 units. If the number
measured is more than 104 units, the food poses a health risk. Food
in the middle range is unsanitary but does not affect health. In
the experiments, the liquid volume was 300 ml. A drop of E. coli
culture solution was equivalent to a 4.5 cells/ml increase in E. coli
in the liquors. Liquors contaminated by microorganisms produce
substances harmful, such as nitrite, in the body. The World Health
Organization Joint Expert Committee on Food Additives (JECFA)

stipulates that the daily allowable nitrite intake is 0-0.2 mg/kg·bw
[40]. According to research data [41], health impacts occur after
deterioration for 14 to 48 hours. If the deterioration time exceeds
72 hours, severe physical discomfort may result from ingesting the
food.

We established two measurement tables containing the surface
tension and the absorption spectrum data and calculated the con-
taminated experimental group’s relative cumulative variance error
based on the uncontaminated control group. Each microorganism
has a unique absorption spectrum fingerprint [42, 43], and as they
grow, the surface tension changes significantly [24, 25]. Therefore,
we used the surface tension and absorption spectra to assess two
categories, the contamination time and microorganism content.
The contamination time was divided into 12-hour periods, labelled
𝐼 −𝑉 𝐼 . The microorganism contents were divided into four levels:
𝐻𝑦𝑔𝑖𝑒𝑛𝑒 + + (0 − 102 units), 𝐻𝑦𝑔𝑖𝑒𝑛𝑒+ (102 − 103 units), 𝐻𝑦𝑔𝑖𝑒𝑛𝑒−
(103 − 104 units),𝑈𝑛ℎ𝑦𝑔𝑖𝑒𝑛𝑖𝑐 (greater than 104 units). As shown in
Figure 11, just after liquor contamination, the cumulative error in
the surface tension was almost 0. However, the cumulative error
in the absorption spectrum vectors increased significantly. Over
time, the increase in the error as more drops of E. coli culture solu-
tion were added accelerated. We refer to these cumulative errors
as the feature path deviation degree. Using the measurement ta-
bles, we determined the degree of liquor deterioration according
to the feature deviation. When aging began, we recorded every
measurement vector ®𝐿𝑀𝑒𝑎 (𝑡) = [𝑀𝑆𝐹𝑡 , 𝑀𝐴𝑆𝑖 (𝑡)] and calculated
the difference between the measurement vector and the initial point
®𝐿𝑀𝑒𝑎 (𝑡0) =

[
𝑀𝑆𝐹𝑡0 , 𝑀𝐴𝑆𝑖 (𝑡0)

]
to obtain the measurement path

Δ®𝐿𝑀𝑒𝑎 (𝑡0). By comparing the same time point with the standard
path, we calculated the feature path deviation degree to determine
the liquor deterioration degree from the measurement tables.

4 SYSTEM OVERVIEW
Lili is composed of five modules, as shown in Figure 12.
Signal Drive Module: This module controls the motor vibration,
drives the LEDs, adjusts the light intensity, and simultaneously
collects the light signal received by the photodiode.
Environmental Interference Reduction Module: Two kinds
of interference are encountered: ambient light noise and external
vibration interference. During monitoring, if the container is not
entirely opaque or closed, ambient light noise may be introduced.



ACM MobiCom ’21, October 25–29, 2021, New Orleans, LA, USA YZ Huang, et al.

Drive LEDs & 
Vibro-Motor

Signal Driver

Ambient Light 
Noise

Characteristic 
Offset Degree 
Measurement

Interference Reduction

Surface Tension  
Measurement

Fine-grained 
Absorption Spectrum 
Measurement

Light Intensity 
Adjustment

Feature Path 
Deviation Degree 

Environment 
Sloshing

Deterioration 
Recognition

Fitting 
Parameters

Absorption Spectrum 
Calculation

Detection

ANOVA

Peak 
Correspondence

Offset 
Averaging

Subtraction 
Elimination

Dimension 
Expansion 

Combination 
Parameters

Synthesize 
Spectra

Standard Path 
Parameters

Absorption Spectrum Vectors

Contamination 
Time

Surface 
Tension

Microorganism 
Content

Concentration Identification

Alcohol 
Concentration

Fingerprints

Microorganism 
Composition

Surface Tension
Calculation

Accumulation

Duration

vv II III VIV VII

! ! !

H++ H+ H- UH
!

Figure 12: The workflow of Lili.
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Figure 13: Deployment of Lili prototype on brewing vessel.

Similar to the vibration used to generate capillary waves, external
vibration (for example, knocks and footsteps) will cause severe
interference with the detection. This module reduces the impacts
of these interferences on detection.
Surface Tension Measurement Module: This module analyzes
the collected light signal and records the current surface tension.
Then, the change in surface tension relative to the standard signal
from the original undeteriorated liquor is determined.
Absorption Spectrum Analysis Module: This module controls
the signal drive module to perform fine-grained absorption spec-
trum analysis; spectra are compared with the absorption spectrum
of the original liquor, and the variance is determined.
Deterioration Recognition Module: On the basis of the surface
tension data and absorption spectrum data analyzed for the mon-
itored liquor, this module identifies the degree of deterioration
according to the type of liquor monitored.
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Figure 14: Ambient light interference. (a) Amplitude-
frequency diagram for the photodiode. (b) The environmen-
tal spectrum of the spectrometer.

5 SYSTEM DESIGN OF LILI
5.1 Experimental Setup
In the Section 3, we presented the absorption spectra of four wines
in two states, undeteriorated and deteriorated, during the aging
process. We found that the peaks at wavelengths of 1300 nm, 1400
nm, 1460 nm, 1600 nm and 1700 nm differed the most significantly
between the two states. Therefore, we used LEDs emitting at 1070
nm, 1200 nm, 1300 nm, 1460 nm, 1600 nm, 1700 nm, 1800 nm and
1900 nm to cover the peak wavelengths and an InGaAs photodiode,
which has an acceptable spectral range of 800-2000 nm. We welded
the LEDs and photodiode to two self-designed circuit boards. As
shown in Figure 13, a Texas Instruments MSP-EXP430G2 Launch-
Pad was the host computer, and the sampling rate was set to 5.6
kHz. The host computer was connected to an ATK-ESP8266 WiFi
module to ensure data transmission. The host computer controls the
LED module through a pulse width modulator (PWM) connected to
GP8101. GP8101 can convert 0-100% duty cycle PWM signals into
0-5 V voltage signals. We designed a spare part, a wireless charging
module beside the battery module, which can emit 5 V/500 mA.
We installed the host computer, LED module, photodiode module,
WiFi module, battery module and wireless charging module on the
brewing equipment’s lid. Ten B1036F1 vertical linear motors were
installed on the brewing vessel wall to generate capillary waves,
which were controlled through the NE555 pulse generator. They
are all covered with a layer of waterproof nanospray. We tested the
system with different materials in small industrial brewing equip-
ment at room temperature (25◦𝐶), including stainless steel, wood,
glass and ceramics, and volumes of 12 L, 22 L, 36 L and 50 L. Simul-
taneously, we used a JK99B surface tension detector, an NIR2500
absorption spectrometer, and a Sysmex-Partec CyFlow Cube 6 flow
cytometer (FCM) to measure the ground-truth data, and the cost of
each was approximately $5,000, $15,000, $8,000, respectively.

5.2 Interference Elimination
5.2.1 Eliminate Ambient light Noise. Some manufacturers use light-
transmittingmaterials (such as glass) as containers or light-transmitting
lids for easy observation during the aging process. These contain-
ers may allow ambient light radiation to reach the photodiode.
Noise from ambient light may come from sunlight and surrounding
lights (such as lightbulbs). Therefore, we used Lili’s photodiode
and spectrometer to collect data in three different experimental
environments: an office, a conference room and a laboratory. The
ceiling lights were T8 fluorescent lights. We recorded the light sig-
nals under four conditions: dark, sunlight, ceiling lights, and mixed
lights.
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Figure 16: (a) & (b) Different surface tension signals during
vibration. (c) Signal when the lid was fixed.

As shown in Figure 14, the photodiode signal was only slightly
noisy in the dark and ceiling light scenarios, and the spectrum
remained flat at a low amplitude. When the ambient light was sun-
light, the photodiode detected low-frequency noise with a relatively
high amplitude, and the spectrum fluctuated. Although the noise
was relatively low in all scenarios, these environmental interfer-
ences need to be eliminated to reduce errors. Therefore, before
detection, Lili turns off the LEDs and calculates the ambient light’s
average amplitude-frequency curve. After Lili enters the test mode,
it subtracts the ambient light amplitude-frequency curve from the
signal.

5.2.2 Reducing Interference from Sloshing. The steps and collisions
of people near a container will cause the liquor to slosh, which
will affect the measurements. This sloshing comes from the inertial
motion generated by an external force acting on the liquid, which
is different from the motion of liquid capillary waves. This force
disrupts the equilibrium in the liquid surface tension and interferes
with capillary wave generation. Therefore, this interference will
affect the accuracy of the measurement.

The footsteps and collision interference received by Lili’s pho-
todiode are depicted in Figure 15. These interferences caused sig-
nificant long-lasting amplitude changes because inertial motion
creates large specular reflection on the surface of the liquid. By
analyzing the capillary wave reflected light signal, we discovered
a stable period 𝑇 , in which the sum of the amplitudes during that
period remained constant. We determined that 𝑇 lasted approxi-

mately 2 ms. We calculated the average amplitude 𝐴 = 1
𝑇

𝑇∑
𝑡=0

𝐼𝑡 .

Then, we searched for a significant long-lasting amplitude change.
After setting the period average as the dividing line, we calculated

the amplitude and 𝑆 =
𝑛𝑇∑

𝑡=(𝑛−1)𝑇

��𝐼𝑡 −𝐴��, 𝑛 ∈ Z+ within the period.

By setting the threshold 𝛿 for the sum of the amplitudes 𝑆 , we
determined whether sloshing interference occurred. By suspending
the measurement for 30 s, we avoided this interference.

5.3 Surface Tension Calculation
5.3.1 Challenge. In Section 2, we introduced how LEDs can mea-
sure surface tension by reflecting capillary waves, and the model
was verified in Section 3. However, when we applied the system
to brewing equipment, we encountered a challenge. As shown in

Figure 16 (a), the LED reflected light signal had tremendous noise,
making it difficult to directly observe the frequency offset even
when the surface tension increased, as shown in Figure 16 (b). Since
the brewing equipment was not double-layered like the 3D-printed
cup in Section 3, vibration from the container wall affected the lid
even if it was fixed to a separate column. Therefore, the LED and
photodiode modules interfered with the vibration and produced
considerable noise when the motor generated the capillary waves.
However, traditional filters are not suitable for this complex fre-
quency noise elimination because the masked feature seems to be
noise and would be filtered out.

5.3.2 Observation. With complex frequency noise in the signal,
the original frequency offset was challenging to find. We exper-
imented with four types of wine, with 15 samples of each type
(10 with different surface tensions + 5 with the same surface ten-
sion). We collected each sample for 10 seconds. A characteristic
can be separated if its distribution is distinct from that of the noise.
Therefore, we used 1 second as the window to observe the signal
fluctuation law in the frequency domain among all samples. We
calculated the variance for all frequency points. For convenience in
expression, the variance for the same sample, the samples with the
same surface tension, and the samples in different surface tension
groups were named self-variance distribution, intragroup variance
distribution and intergroup cross-variance distribution.

The self-variance distribution and the intragroup variance distri-
bution had almost the same frequency point variance distribution.
These distributions were relatively similar even if the surface ten-
sion was different. However, there were considerable differences in
the intergroup cross-variance distribution. The observations show
that the signal difference came from the change in surface tension
related to the capillary wave reflection signal. Therefore, these re-
flections can be decomposed into the noise caused by vibration and
the characteristics of capillary wave reflection.

5.3.3 Measurement of the Characteristic Offset Degree. This section
introduces the method of finding the frequency offset. Figure 17
shows the simplified solution. The characteristic frequency offset is
superimposed with the vibration noise because of the independence
of the noise from the characteristic frequency. It is unrealistic to
find the characteristic offset directly from the superimposed sig-
nal. However, if we calculate the absolute value of the difference
between the two signal frequency curves, we obtain two apparent
peaks in the frequency domain. Moreover, the distance between
these two peaks is the characteristic frequency offset.

We regard the disturbance caused by white noise as the standard-
ized normal distribution 𝑒𝑡𝑖 𝑗 . The surface tension of a liquor in its
initial state was used as the reference, so we consider the reference
amplitude at each frequency point as𝐴𝑡0𝑖 𝑗 = 𝑎𝑡0𝑖 𝑗 +𝑒𝑡0𝑖 𝑗 .𝐴𝑡0𝑖 𝑗 is the
amplitude at frequency point 𝑗 during the sequence 𝑖 measurement
at time 𝑡 . 𝑎𝑡0𝑖 𝑗 is the theoretical value for the initial state 𝑡 = 𝑡0,
and 𝑒𝑡0𝑖 𝑗 is the white noise of the normal distribution. Because the
frequency offset causes more amplitude changes than the noise, we
can divide the signal into three parts,𝐴𝑡𝑖 𝑗 = 𝑎𝑡0 𝑗 +𝑎𝑡 𝑗 +𝑒𝑡𝑖 𝑗 . Among
them, 𝑎𝑡 𝑗 is the disturbance caused by the measurement. In the
detection, if 𝑎𝑡 𝑗 can be regarded as 0, we believe that this frequency
point does not have frequency offset characteristics. Therefore, we
used analysis of variance (ANOVA) to infer this point, assuming
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Figure 17: The solution of the characteristic offset.
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Figure 18: Frequency offset points found by ANOVA.

that 𝑎𝑡 𝑗 can be regarded as 0. Each time, we collected ten samples
and put them into the same group to calculate the random error at
each frequency point.

To explain this clearly, we assume that ten samples are taken at
time 𝑇 , and each sampling lasts for 10 seconds. At this time, the
random error of the frequency point can be expressed as 𝑆𝑆𝑒 =∑
𝑡

10∑
𝑖=1

(
𝐴𝑡𝑖 𝑗 −𝐴𝑖 𝑗

)2
, 𝑡 = 𝑡0,𝑇 . Next, we compare with the liquor at

𝑡 = 𝑡0 to calculate the global deviation 𝑆𝑆 =
∑
𝑡

10∑
𝑖=1

(
𝐴𝑡𝑖 𝑗 −𝐴 𝑗

)2
, 𝑡 =

𝑡0,𝑇 . The sum of the squares of the difference between the signal
levels at time 𝑇 is 𝑆𝑆𝑇 = 𝑆𝑆 − 𝑆𝑆𝑒 . We substitute the degrees of
freedom and get𝑀𝑆𝑇 =

𝑆𝑆𝑇
𝑘−1 , 𝑀𝑆𝑒 =

𝑆𝑆𝑒
𝑛−𝑘 . We need to use the F-test

to determine whether to accept the null hypothesis 𝑀𝑆𝐴
𝑀𝑆𝑒

≤ 𝐹 (𝛼).
As shown in Figure 18, we found offset frequency points between

two samples with different surface tensions. The figure shows that
there is more than one characteristic point, which is a result of the
reflected light having different multipaths. Moreover, each peak
representing the characteristic has another peak with a similar
curve profile. This similar curve comes from the offset of the char-
acteristic frequency. Therefore, we need to calculate the frequency
difference between these corresponding characteristics.

To reduce the computational complexity, we used these two char-
acteristics to find the frequency offset: the corresponding charac-
teristic has a similar peak curve, and the frequency offset generated
by any characteristic is approximate. We considered the peak point
spacing within the threshold 𝜏 s the same peak curve and selected
the peak at the median to represent the peak curve. Assuming that
there are 𝑛 peaks, we calculated the peak difference and frequency
offset between all the peaks to obtain a matrix with a diagonal of

0,


(
Δ0

0𝐴,Δ
0
0𝐹

)
. . .

(
Δ𝑛−1

0 𝐴,Δ𝑛−1
0 𝐹

)
.
.
.

. . .
.
.
.(

Δ0
𝑛−1𝐴,Δ

0
𝑛−1𝐹

)
. . .

(
Δ𝑛−1
𝑛−1𝐴,Δ

𝑛−1
𝑛−1𝐹

)

.

We first selected the element Δ𝑖0𝐴 in the first row from the non-
diagonal elements and occupy column 𝑖 . Then, Δ𝑖0𝐹 was taken as the
reference frequency offset. After that, we selected the non-diagonal
element in other rows with three principles: Δ𝐴 was close to 0, the
difference between Δ𝐹 and Δ𝑖0𝐹 was close to 0, and the column
was not occupied. After finishing the selection, we calculated all
the selected element frequency offset variances 𝑉Δ𝐹 . Moreover, af-
ter traversing all elements in the first row, we chose the combination
with theminimumvariance𝑉Δ𝐹 (𝑖) = min {𝑉Δ𝐹 (𝑚) |𝑚 ∈ [0, 𝑛 − 1]}.
We averaged the frequency offset of all elements{
Δ𝑘
𝑗
𝐹 | ( 𝑗, 𝑘) ∈ 𝑉Δ𝐹 (𝑖)

}
and then obtained the characteristic offset.

To verify the effectiveness, we expanded the method to other
liquor experiments. We selected four kinds of liquors in Section 5.1
and calculated the average of the offset frequency point interval
under 40 surface tension states. We analyzed the correlation be-
tween the value and the change in surface tension and calculated
the Pearson correlation coefficient. The average Pearson correlation
coefficient for the four liquors was greater than 0.9, indicating a
significant correlation. To accurately calculate the change in surface
tension, we established the corresponding relationship between the
characteristic offset and the ground-truth surface tension change
and used the least squares method to obtain the fitting function.
In Section 3.3, we revealed that only the surface tension change
needs to be monitored to assess the degree of liquor deterioration.
However, to determine the real surface tension, the initial surface
tension can be added to the surface tension change calculated from
the fitting function.

5.4 Fine-Grained Absorption Spectrum
Measurement

5.4.1 Limitations of the LEDs. Although the surface tension change
can be used to identify liquor deterioration, some liquors may have
the same surface tension even at different degrees of deterioration.
Considering that deterioration involves the decomposition of the
liquor and metabolite production by microorganisms, the mate-
rial composition changes. From Section 2.3, which introduced the
physical model of the absorption spectrum, we know that the ab-
sorption spectrum differs on the basis of these changes in material
composition.

However, the metabolite alterations made by microorganisms
are subtle. Lili is composed of only LEDs, so achieving measuring a
fine-grained absorption spectrum is challenging, as LEDs can pro-
vide only a narrowband spectrum optical signal. When the detected
object absorbs part of the light spectrum, we will obtain only an in-
tensity value through the photodiode. The difference between this
light intensity and the intensity of the light emitted from the origi-
nal LED results in a coarse-grained absorption spectrum. However,
within this waveband range, as long as the absorption spectrum
area does not change, the coarse-grained absorption spectrum will
not differ. Because of subtle changes in the absorption spectrum
coupled with the noise from the system components, obtaining
the same absorption spectrum area for different materials is com-
mon. Therefore, limited by the LED narrowband spectrum, it is
difficult to detect subtle changes in the absorption spectrum with
the photodiode.

5.4.2 Observation. To detect a fine-grained absorption spectrum
with traditional methods, the emission waveband must be narrow,
the band must be higher than what is traditional used, and a larger
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photodiode. (c) The spectral distribution of Lili’s LEDs.
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spectral range must be observed. In short, the resolution must be in-
creased. There are two methods to achieve this goal: use expensive
dispersive elements and sophisticated detectors such as spectrom-
eters or use more light sources with different wavelengths and
extremely narrow bands (such as lasers). However, these methods
are expensive. If the reflected spectrum can be displayed in dif-
ferent dimensions, we can reduce the interference with the same
absorption spectrum area and achieve a fine-grained inspection.

We first analyze the LED. The spectral radiation distribution of
the LED is not a strictly symmetrical Gaussian distribution [44].
The peak wavelength’s left end fits a Gaussian distribution function,
and the right end fits a piecewise function of the Lorentz distribu-
tion function. Therefore, the LED spectrum can be simplified as

𝐼 (𝜆) = 𝛼𝐼0× exp
[
𝑐1
(
𝜆−𝜆0
Δ𝜆

)2
× exp

(
𝑐2

���𝜆−𝜆0
Δ𝜆

���) ] . 𝐼 (𝜆) is the inten-
sity of radiation from an LED in the optical axis direction, 𝜆 is the
incident wavelength, 𝛼 is the current conversion coefficient, 𝐼0 is
the drive current, 𝜆0 is the centre wavelength, Δ𝜆 is the full width
at half maximum (FWHM), and 𝑐1 and 𝑐2 are constants.

From measurements, we found that the FWHM of the LED spec-
trum was not constant. As shown in Figure 19 (a), the original
FWHM was 90 nm. Then, the drive current was increased from the
original 10 mA to 50 mA while maintaining the operating voltage
at 5 V. As the current increased, the FWHM of the LED spectrum
gradually expanded. Therefore, wavebands beyond the original
LED waveband can be covered by increasing the current.

5.4.3 Dimension Expansion of a Coarse-Grained Absorption Spec-
trum. In this section, we introduce how to expand the dimensions
of a coarse-grained absorption spectrum. In brief, if the lights used
to analyze a liquor have different spectral profiles, then subtle
changes in the absorption spectrum will result in a different re-
flectance spectrum. Therefore, lights with different spectral profiles
represent different dimensions of information. However, to mea-
sure these profile changes, we also need to consider the photodiode
characteristics. Due to the photoelectric effect, light of different
wavelengths can excite different photons in the PN junction and
generate varying numbers of electrons. Therefore, the photodiode
sensitivity changes. Figure 19 (b) presents a curve of the relative
spectral responsivity of Lili’s photodiode. We took advantage of the
various responsivities of photodiodes to different light wavelengths

and combined LEDs to achieve a signal sensitive to subtle changes
in the absorption spectrum. Considering the LED waveband scal-
ability presented in Section 5.4.2, we can superpose two different
waveband spectra to obtain different spectral profiles for the lights.
Moreover, adjusting the current leads to many available combina-
tions, and these spectra will have a different center wavelength
from the LED’s original.

Therefore, the LEDs should have several characteristics. First, the
wavebands of all LEDs should overlap with the detection frequency.
Second, each LED spectral waveband should overlapwith the others.
Therefore, we selected eight LEDs with different wavelengths, as
shown in Figure 19 (c). Because of their different internal structures,
they had diverse luminous intensities and FWHMs.

Next, we introduce the method of generating the narrowband
spectrum. Because the photodiode’s ability to generate photons is
limited, it will become saturated if the spectrum exceeds the thresh-
old. At this time, regardless of the absorption spectrum changes,
the current received will remain stable. Therefore, the emitted light
intensity needs to be within the receiving range, which is the first
constraint. To be conservative, we set the total light intensity of the
synthesized spectrum to be less than or equal to the photodiode’s
receiving threshold.

In addition, we need to consider the different reflective prop-
erties of each liquor. Therefore, we need to detect the reflection
coefficient of the liquor first. We started each LED at the maxi-
mum allowed current and reduced it until the photodiode value
began to change. Then, we stopped decreasing the current and
recorded the value 𝑀𝑎𝑥𝐼𝜆 as the maximum detection current for
the given LED. Taking into account the rationality of the setting,
we also need to remove useless amplification. If all LEDs of the
same wavelength have the same amplification factor ratio for any
two combinations of LEDs, then these two combinations are es-
sentially the same, and one of them can be eliminated. Therefore,
𝑇 𝐼𝑛 =

∑
𝑖
[𝐿𝑖 (𝜆, 𝑛𝑘𝜆) − 𝑃𝐿 −𝐴𝑆𝜆] · 𝑅𝜆 , and we can determine all

the constraints:

𝑠 .𝑡 .


𝑇 𝐼𝑛 ≤ 𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑𝑃𝐷
𝑛𝑘𝜆𝐼𝜆 ≤ 𝑀𝑎𝑥𝐼𝜆
∀ {𝑛𝑘𝜆} ≠ 𝛼 {𝑚𝑘𝜆} ,𝑚 ≠ 𝑛, 𝛼 ∈ R+

(1)

𝑇 𝐼𝑛 represents the total light intensity of the 𝑛th combination in
the photodiode, which is the reflected light intensity multiplied by
the responsivity 𝑅𝜆 . The reflected light intensity combines the LED
light intensity 𝐿𝑖 (𝜆, 𝑛𝑘𝜆), path loss 𝑃𝐿 , and absorption spectrum
𝐴𝑆𝜆 . Each LED current may enlarge 𝑘𝜆 times the working current 𝐼𝜆
but should be less than or equal to the maximum current𝑀𝑎𝑥𝐼𝜆 . 𝛼
is a positive real number. We set 𝑘𝜆 ’s step size to be 0.05 to calculate
all the combination sets of 𝑘𝜆 for any two LEDs with overlapping
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Figure 22: (a) Surface tension and (b) absorption spectra of
different liquors measured by Lili.

wavelengths. Figure 20 shows some of the narrowband spectra
produced by two LEDs with overlapping wavelengths.

After determining the combination of LED current values, we
formulated each LED power sequence and current change. Then,
we used a photodiode to record each reflected light value, thereby
obtaining the dimensional expansion of the coarse-grained absorp-
tion spectrum. We substituted all the known values into 𝑇 𝐼𝑛 and
simultaneously 𝐼 (𝜆), used the Gaussian elimination method, built
an augmented matrix, and solved the matrix with elementary row
transformation. By solving the determinant, we obtained accurate
absorption spectrum values. As shown in Figure 21, we compared
the absorption spectra calculated from LEDs with the ground truth,
and the mean absolute percentage error (MAPE) was only 0.7%.

6 SYSTEM EVALUATION
6.1 Liquor Monitoring Performance
6.1.1 Measurement Accuracy for Different Liquors. To verify Lili’s
performance in liquor monitoring, Lili monitored the aging process
of different wines (red wine, rice wine, sake and spirits) for 72
hours. We divided the experiment into two groups: a normal aging
group (the safety group), and a group contaminated with E. coli
culture solution before aging (E. coli group). Before starting, we
poured the wines into containers and maintained 25 cm between
the liquid surface and the monitoring module. After measuring
the initial surface tension and absorption spectrum, we input the
data into Lili’s database and began monitoring. The surface tension
and absorption spectrum curves measured by Lili in Figure 22 are
very close to the ground-truth data. The surface tension of the
safety group changed relatively smoothly, unlike that of the E. coli
group, which fluctuated widely. The absorption spectra of these
two groups contained large fluctuations but were all concentrated
on different wavebands. For the 72-hour monitoring period, the
mean error in the liquid surface tension in the safety group was
only 0.89 mN/m, while the mean error for the E. coli group was
1.16 mN/m. The mean absolute percentage error (MAPE) of the

absorption spectra of the safety group and E. coli group was 2.37%
and 3.04%, respectively.

6.1.2 Measurement Accuracy for Different Pathogenic Bacteria. In
order to verify the monitoring ability of Lili for different pathogenic
bacteria, we replaced E. coli with Salmonella and Staphylococcus
aureus under the same experimental conditions as in Section 6.1.1.
We calculated the mean error of surface tension and MAPE of
absorption spectrum during the 72-hour monitoring. As shown in
Figure 23, Lili can accurately monitor Salmonella and Staphylococcus
aureus (S. aureus) contamination with very low error.

6.1.3 Measurement Accuracy with Different Container Volumes.
The results for different container volumes are shown in Figure 24,
as the volume increased, the surface tension error first decreased
and then increased again. Initially, the interference caused by vi-
bration decreased. However, as the volume increased, the container
thickness also dramatically increased, and the capillary wave gen-
erated by the vibro-motor vibration decreased, which increased the
interference caused by noise. The surface tension errors with the
four container volumes were 0.89, 0.71, 0.65 and 1.24 mN/m while
the MAPE of absorption spectra did not obviously change: 2.31%,
2.40%, 2.36% and 2.47%, respectively.

6.1.4 Measurement Accuracy with Different Container Materials.
Considering that different merchants will use different container
materials, we tested four container materials (stainless steel, wood,
glass and ceramics) for spirits aging. Of the four types of containers
shown in Figure 25, wood resulted in the worst performance, as the
rigidity of wood materials is low and absorbs vibration energy. The
low energy transmission causes the liquid capillary wave to decay
quickly, which leads to significant measurement errors.

6.2 Liquors Quality Determination
6.2.1 Baseline. In Section 3.3, we set up two criteria for liquor
quality based on the number of microorganisms and contents of
metabolites that affect human health: the duration of contamination
and the microorganism content. We took 40 samples of each of the
four types of wine. The results shown in Figure 26 reflect a mean
recognition accuracy rate of 95.1%. The accuracy of identifying
categories that impact health (greater than 𝐼𝑉 , 𝑈𝑛ℎ𝑦𝑔𝑖𝑒𝑛𝑖𝑐) was
97.5%. This means that Lili can accurately identify the deterioration
of a liquor and prevent food safety accidents.

6.2.2 Ambient light Interference. We utilized glass containers to
observe the quality assessment accuracy under four ambient light
scenarios: dark, sunlight, ceiling lights, and mixed lights. The exper-
imental results in Figure 27 show that Lili could adapt to different
types of ambient light with a mean accuracy of 94.6%.

6.2.3 Interference from Liquor Sloshing. We created sloshing in-
terference when Lili was running to observe the ability to reduce
such interferences. The interference was generated by walking,
dropping heavy objects, stomping, hitting the brewing vessel and
moving the brewing vessel. As shown in Figure 28, Lili was very
robust and could quickly distinguish sloshing interferences with a
mean accuracy of 90.5%, and the mean response time was 7.8 ms.
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6.3 Concentration Determination
6.3.1 Microorganism Composition. Different microorganisms have
unique reflectance spectra. The amount of nutrients is limited in the
aging process, creating competition between the yeast and other
microorganisms. We clustered the absorption spectrum fingerprints
using the K-means method, marking the proportions of yeast and
E. coli. As shown in Figure 29, in liquor aged with E. coli, the MAPE
in identifying the two microorganisms was only 2.33% and 1.77%.
Note that because the liquid contained other interfering substances,
the sum of the two microorganism contents was not 100% during
the aging period.

We also wanted to see if there were sufficient advantages in mon-
itoring microbial composition compared to the latest systems that
use optical signals. We modified both Nutrilyzer [45] and Smart-
U [19] to match our brewing vessel. Nutrilyzer [45] consisted of
16 LEDs in the ultraviolet, visible and near-infrared regions, and
two piezoelectric sensors that were attached to the lid. Smart-U
[19] consisted of 12 LEDs in the visible and near-infrared regions
and a photodiode, which were also attached to the lid. Nutrilyzer
[45] used a neural network with the top feature subset selected by
correlation-based feature selection, while Smart-U [19] used Ran-
dom Forest as the prediction algorithm. Lili utilized self-designed
dimension expansion algorithm and K-means method. As shown
in the Figure 30, Lili has the lowest MAPE, indicating that Lili’s
dimension expansion technology has exceptional capability for
fine-grained monitoring.

6.3.2 Alcohol Concentration. Alcohol is produced by yeast fermen-
tation, so the number of and changes in yeast can reflect the alcohol
concentration. We used the yeast content results in Section 6.3.1
to calculate yeast accumulation from the beginning of aging to the
moment of sampling. Then, we used the cumulative value, liquid
volume and measurement vector ®𝐿𝑀𝑒𝑎 (𝑡) as training parameters
for the K-means method to determine the alcohol concentration. As
shown in Figure 31, the alcohol content identification accuracy of

the four wines during the brewing process was 88.13% on average
(88.54%, 85.03%, 88.25% and 90.74%).

7 RELATEDWORK
In this section, we review the related literature of Lili.

Liquid quality inspection. The conventional method of liquid
quality inspection is based on the microorganisms counting method.
The plate counting method [2] and ATP fluorescent microorganism
detection method are the most common methods [3] applying in
the liquid industry. However, they require complicated operating
procedures and long-term microbial cultivation. Quality inspecting
in fast and effective means is to measure the surface tension [24, 25]
and absorption spectrum [20] based on the microorganism and its
metabolism effect. Using the principle that the liquid’s deterioration
will produce different odours, the electronic nose [18] applies the
odour fingerprint for inspection. However, these devices could
introduce non-trivial deployment and maintenance cost. The latest
working pH meter [16] uses the acid-base change of the liquid
to identify whether it has deteriorated. However, its resolution is
coarse-grained.
Liquid identification. There are many research achievements on
liquids identification. Surface tension [26–28], absorption spectrum
[29–31] and viscosity [46–48] are critical properties using for the
fine-grained liquid components identification. They can be used to
identify pollutants [49], determine blood cholesterol levels [50] and
distinguish kidney diseases [23]. The latest research, Nutrilyzer [45]
and Smart-U [19], apply the absorption spectrum and the photoa-
coustic effect to realize liquid identification. Al-light [51] proposes
a smart ice cube device equipped with near-infrared and visible
LEDs, which can estimate the alcohol concentration level. However,
they are all limited by the narrowband spectrum of LEDs, making
it challenging to achieve fine-grained liquid components identifi-
cation, such as microorganisms changes. Liquids can also affect
electromagnetic signals. TagScan [21] and RFIQ [52] pay attention
to the RFID signal to determine the liquid composition. LiquID [22]
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uses two independent ultra-wideband (UWB) units to judge the
liquid by its dielectric constant. Mm-Humidity [53] uses millimeter
waves to measure the liquid content in the air. The special devices
or containers they use are still expensive. As a universal device,
mobile phones can also identify liquids and achieve fine-grained
measurements, such as surface tension [32, 33]. andThe latest tech-
nology is Vi-Liquid [23], which uses mobile phones to identify
liquids through fine-grained viscosity differences. However, these
solutions are not practical to apply to the brewing industry because
they need high energy consumption and computation costs that
lead to rugged use in long-term monitoring.
Light perception. As electromagnetic waves, optical signals are
the common signal for perception. The object’s absorption spec-
trum’s uniqueness can be used for quality assessment [54] and food
analysis [55] in the food industry. The transmission of light in differ-
ent media will suffer the loss of perspective and scattering, and the
measurement [56] of blood oxygen concentration uses this princi-
ple. The devices which generate unique light signals can be used to
achieve precise indoor localization [57, 58]. Scattered light can also
be used as a sensing signal, such as sensing gestures [59]. Vibra-
tion perception. Sensing technology using vibration signals has
been booming in recent years, ranging from keystroke recognition
[60, 61], user authentication [62–64]. Because the miniaturization
and performance improvement of vibration motors and IMUs make
more portable devices able to embed them. Oinput [61] and VibID
[64] leverage passive and active vibration for identification, respec-
tively. TouchPass[63] builds a behavior-irrelevant on-touch user
authentication system on smartphones. The difference is that Lili
uses a system composed of LEDs and PDs, which can feedback the
impact of subtle microbial changes on the liquid.

8 CONCLUSION AND FUTUREWORK
In this article, we present a liquor quality monitor Lili. A Charac-
teristic Offset Degree Measurement model is proposed to guide the
photodiode to robustly and accurately calculate the surface tension
under the low signal-to-noise ratio condition. Besides, the Dimen-
sion Expansion of Coarse-grained Absorption Spectrum model
is also presented to solve the subtle changes in substances that
monochromatic LEDs cannot detect. The error of surface tension
and absorption spectrum measurement can reach 0.89 mN/m and
2.4% (MAPE). Through the measured value, 97.5% of the hazardous-
health liquors can be identified. When aging wine, it can also iden-
tify the proportion of microorganisms and alcohol concentration.
However, as a proof-of-concept prototype for liquor quality mea-
surement, Lili still has some limitations to be addressed in our future
work:
Liquid types:We plan to migrate to more practical liquid quality
monitoring scenarios, including yoghurt brewing, pickle pickling.
How to solve the problem ofmeasuring the deterioration of different
liquids is a significant problem that needs to be issued.
Types of containers: There are many extended application sce-
narios for liquid quality monitoring. However, these application
scenarios use different containers, such as cans and cartons. Migrate
different solution for the pervasive devices in different containers.
It is also essential to adjust the device and size. We will address
these problems in the future.
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