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Abstract

Background: Accurately detecting the onset of saturated boiling in herbal medicine ex-
traction processes is critical for improving production efficiency and reducing energy
consumption. However, the traditional monitoring methods based on temperature suffer
from time delays. To address the challenge, acoustic emission (AE) signals were used in
this study owing to its sensitivity to bubble behavior. Methods: An AE signal acquisition
system was constructed for herbal extraction monitoring. Characteristics of AE signals at
different boiling stages were analyzed in pure water systems with and without herbs. The
performance of AE-based and temperature-based recognition of boiling stages was com-
pared. To enhance applicability in different herb extraction systems, multivariate statistical
analysis was adopted to compress spectral–frequency information into Hotelling’s T2 and
SPE statistics. For real-time monitoring, a self-adaptive decision-making boiling judgment
method (BoilStart) was proposed. To evaluate the robustness, the performance of BoilStart
under different conditions was investigated, including extraction system mass and heating
medium temperature. Furthermore, BoilStart was applied to a lab-scale extraction process
of Dabuyin Wan, which is a practical formulation, to assess its performance in energy
conservation and efficiency improvement. Results: AE signal in the 75–100 kHz frequency
band could reflect the boiling states of herbal medicine extraction. It was more sensitive to
the onset of saturated boiling than the temperature signal. Compared with SPE, Hotelling’s
T2 was identified as the optimal indicator with higher accuracy. BoilStart could adaptively
monitor saturated boiling across diverse herbal systems. The absolute error of BoilStart’s
boiling determination ranged from 1.5 min to 2.0 min. The increasing-temperature time
was reduced by about 22–36%. For the extraction process of Dabuyin Wan, after adopting
BoilStart, the increasing-temperature time was reduced by about 29%, and the correspond-
ing energy consumption was lowered by about 26%. Conclusions: The first AE-based
method for precise boiling state detection in herbal extraction was established. BoilStart’s
model-free adaptability met industrial demands for multi-herb compatibility. This offered
a practical solution to shorten ineffective heating phases and reduce energy consumption.

Keywords: extraction process; boiling judgment; acoustic emission; self-adaptive modeling;
self-decision judgment
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1. Introduction
Solid–liquid extraction is one of the core processes in the production of herbal

medicines. The process control level directly affects the final product quality and pro-
duction energy efficiency. Water decoction is most commonly used in herbal medicine
production. Extraction time is usually counted from the onset of boiling. In the indus-
try, the temperature sensor inside the extraction tank is utilized to identify the onset of
boiling. However, temperature measurements often suffer from significant lag. When
the system temperature reaches 100 ◦C, boiling is often vigorous, leading to unnecessary
energy consumption [1]. Visual inspection is sometimes used to assist in judging boiling. It
is prone to disturbances by tank lighting and herbal foam occlusion. It also has significant
subjective bias. Ultimately, this results in longer increasing-temperature time and higher
energy consumption. Therefore, in order to improve production efficiency and reduce
energy consumption, there is an urgent need to develop an accurate and reliable online
analysis method for boiling states.

Acoustic emission (AE) is a non-invasive process detection technique [2–6]. It can
be used to sense transient elastic waves generated in industrial systems during rapid
energy release [7–10]. The various stages of bubble nucleation, growth, detachment, os-
cillation, and collapse excite acoustic signals. These signals appear in specific frequency
bands [11–13]. The bubble behavioral dynamics correspond to the different boiling stages
(subcooled boiling, saturated boiling, etc.) [14–16]. Therefore, the spectral features of the
AE signals can be used for identifying the boiling state. Zhang et al. [17] developed a
real-time detection method based on correlations between AE signal power and heat flux
to predict boiling status in flowing liquids. Seok et al. [18] validated the feasibility of
AE in distinguishing boiling phases. However, existing studies have mainly focused on
homogeneous liquid phase systems [19], and no application of AE technology for boiling
judgment in solid–liquid mixtures during the herbal decoction process has been reported.
Univariate and multivariate monitoring methods are mostly used in the field of boiling
judgment with AE signal. AE features extracted by time domain analysis or frequency
domain analysis are commonly used in method development [20–22]. Machine-learning
and deep-learning models are also used to learn discriminative features for boiling state
classification [23–26]. However, these approaches often require a prebuilt feature library
or offline training, which limit their universality. AE spectra are influenced by factors
including heating wall material characteristics [27–29], heating surface geometry [30–32],
and boiling system composition [33–35]. There are many types of herbal medicines ex-
tracted by water decoction. Thus, a robust and accurate AE-based boiling judgment method
universally applicable to diverse herbal systems is urgently needed.

In this study, AE technology was used to monitor boiling behavior during the extrac-
tion process of herbal medicine. Firstly, an AE signal acquisition setup for the extraction
process was constructed. The correspondence between AE signals and boiling stage was
established by analyzing the changes in AE signal and the behavior of boiling bubbles
during the boiling process. On this basis, the spectral characteristics of AE signals under
different extraction conditions and their feasibility of monitoring the boiling state were
investigated. Then, a self-adaptive decision-making boiling judgment method (BoilStart)
based on iterative multivariate statistical analysis was proposed. BoilStart was used for
online monitoring of boiling state under different extraction conditions. Finally, BoilStart
was applied to the extraction of Dabuyin Wan. The online judgment ability of the boiling
state and the level of energy conservation and efficiency improvement were verified.
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2. Results
2.1. Relationship Between AE Signal and Boiling Behavior in Pure Water

In this study, pure water was first selected as the test medium for cold-model experi-
ments. The water was gradually heated until boiling occurred. A smartphone was used to
record images, and AE signals were acquired during the process. Based on the observed
bubble behavior, the boiling process was divided into two stages: subcooled boiling stage
and saturated boiling stage.

Figure 1a corresponds to the subcooled boiling stage. When the heating surface temper-
ature approached the water saturated temperature, microbubbles formed slowly on the wall
surface. No bubbles escaped from the water surface at this stage. As shown in Figure 1b,
when the system entered saturated boiling, the bubbles detached from the wall surface,
rose to the liquid surface, and eventually burst. This state, in which bubbles remained
separated from each other, was referred to in this paper as “discrete saturated boiling”.
When the boiling was more intense, the bubbles may merge with each other, as shown in
Figure 1c. In this paper, this situation was referred to as “polymerized saturated boiling”.

   
(a) (b) (c) 

Figure 1. Behavior of bubbles at different boiling stages: (a) subcooled boiling; (b) discrete saturated
boiling; (c) polymerized saturated boiling.

Figure 2 shows the corresponding temperatures at different boiling stages. The tem-
perature changes in the system at different boiling stages were not significant. Therefore, it
was difficult to rely on temperature to accurately determine the stages.

Figure 2. Changes in temperature at different boiling stages. (The blue vertical line indicates that
the system changed from subcooled boiling to discrete saturated boiling, and the yellow vertical line
indicates that the system changed from discrete saturated boiling to polymerized saturated boiling.)
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Observation of the spectrum in Figure 3 shows the presence of signal peaks in the
75–100 kHz band. In this study, the formation of microbubbles on the heating wall surface
was taken as a sign that the system entered subcooled boiling. The rise of bubbles to the
liquid surface after detaching from the wall surface was taken as a sign that the system
entered discrete saturated boiling. The emergence of gas columns merging with each other
was taken as a sign that the system entered polymerized saturated boiling. The boiling
process was divided into three stages based on these indicators.

Figure 3. Characteristic spectrum of AE signal during the boiling process. (Both the axes and the color
bars were linear. The power spectral density was presented in linear units (V2/Hz) and displayed in
scientific notation.)

In order to study the AE signal changes under different boiling stages more intuitively,
the frequencies whose power spectral density trends matched different boiling stages were
preferred. As shown in Figure 4, the amplitude of the AE signal did not change much
in the subcooled boiling stage. In the discrete saturated boiling stage, the high-frequency
detachment of bubbles caused violent oscillations in the water body, so the amplitude of the
AE signal increased rapidly. Entering the polymerized saturated boiling stage, the inter-bubble
interactions inhibited the fluid motion near the heating wall, and the oscillatory impact of the
water body on the wall was reduced. As a result, the intensity of the AE signal decreased.
Overall, the AE technique can reflect the different stages of the boiling process by its trends.

Figure 4. Variation in power spectral density under different boiling stages. (The blue vertical line
indicates that the system changed from subcooled boiling to discrete saturated boiling, and the
yellow vertical line indicates that the system changed from discrete saturated boiling to polymerized
saturated boiling. Both the axes and the color bars were linear. The power spectral density was
presented in linear units (V2/Hz) and displayed in scientific notation.)
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2.2. Stage-Wise Correlation Analysis Between AE Signals and Boiling Behavior During the
Aqueous Extraction of Different Herbs
2.2.1. Characterization of Boiling by “Signature Frequency”

To investigate the acoustic characteristics of different kinds of herbs, AE signals of
the aqueous extraction systems of Radix Rehmanniae Praeparata, Phellodendri Chinensis
Cortex, Anemarrhenae Rhizoma, and Prunellae Spica were collected as examples. The
results are shown in Figure 5. The characteristics of the AE signals of the different systems
were different. However, the overall trends were consistent with those of the pure water
system described in Section 2.1.

(a) 

(b) 

Figure 5. Cont.
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(c) 

(d) 

Figure 5. Characteristic spectra of different herbal medicine during the boiling process: (a) Rehman-
niae Radix Preparata; (b) Phellodendri Chinensis Cortex; (c) Anemarrhenae Rhizoma; (d) Prunellae
Spica. (Both the axes and the color bars were linear. The power spectral density was presented in
linear units (V2/Hz) and displayed in scientific notation.)

The rising of the bubbles to the liquid surface after detachment from the wall was
regarded as a sign that the system entered saturated boiling. The “signature frequencies”
that could reflect different boiling stages were manually identified. The results are shown
in Figure 6. The “signature frequencies” varied in different herbal extraction systems. The
temperatures at the onset of saturated boiling for Radix Rehmanniae Praeparata, Phelloden-
dri Chinensis Cortex, Anemarrhenae Rhizoma, and Prunellae Spica were 92.5 ± 0.5 ◦C,
91.9 ± 0.8 ◦C, 92.8 ± 2.2 ◦C, and 88.5 ± 2.7 ◦C, respectively. Table 1 demonstrates the
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increasing-temperature time required by both methods. In the industry, reaching 100 ◦C is
generally regarded as the onset of boiling. Compared with the industrial method, the AE-
based method can shorten the increasing-temperature time of the four extraction systems
of Radix Rehmanniae Praeparata, Phellodendri Chinensis Cortex, Anemarrhenae Rhizoma,
and Prunellae Spica by 28.8 ± 3.9%, 30.5 ± 5.0%, 28.9 ± 1.6%, and 38.7 ± 1.8%, respectively.
This suggested that the use of AE technology shortened the total duration of the extraction
process, which in turn reduced the energy consumption.

 
(a) 

 
(b) 

 
(c) 

Figure 6. Cont.
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(d) 

Figure 6. The variation trend of the increasing-temperature curve and the power spectral density at
the “signature frequency” during the water extraction process of different herbal medicine. (The blue
vertical line indicates that the system entered saturated boiling. Both the axes and the color bars were
linear. The power spectral density was presented in linear units (V2/Hz) and displayed in scientific
notation.) (a) Rehmanniae Radix Preparata; (b) Phellodendri Chinensis Cortex; (c) Anemarrhenae
Rhizoma; (d) Prunellae Spica.

Table 1. Boiling moments of different standards during the water extraction process of different
herbal medicine (n = 3).

Extraction Herbal
Time When

Temperature Reached
100 ◦C (min)

Entered Saturated Boiling
Hotelling’s T2

(min)
SPE

(min)Time
(min)

Temperature
(◦C)

Rehmanniae Radix Preparata 27.7 ± 0.8 19.7 ± 0.6 92.5 ± 0.5 20.5 ± 0.5 20.5 ± 0.5
Phellodendri Chinensis Cortex 27.2 ± 1.6 18.8 ± 0.3 91.9 ± 0.8 20.5 ± 0.9 19.7 ± 0.3

Anemarrhenae Rhizoma 25.3 ± 1.3 18.0 ± 0.5 92.8 ± 2.2 22.2 ± 2.8 16.0 ± 6.7
Prunellae Spica 25.8 ± 1.0 15.8 ± 0.3 88.5 ± 2.7 16.8 ± 0.3 16.8 ± 0.6

2.2.2. Characterization of Boiling by Multivariate Statistical Analysis

To address the variation in “signature frequencies” across different herbal extraction
systems, the multivariate statistical analysis method was adopted. This method eliminated
the need for manual screening of “signature frequencies”. The specific calculation method is
described in Section 4.4.2. Figures 7 and 8 show the control charts of the two statistics during
the aqueous extraction of different herbs. The specific moments exceeding the control
limits are shown in Table 1. In the systems of Rehmanniae Radix Preparata, Phellodendri
Chinensis Cortex, and Prunellae Spica, Hotelling’s T2 statistic and SPE statistic increased
rapidly and exceeded the control limits after entering the saturated boiling state. In the
Anemarrhenae Rhizom system, the SPE statistic exceeded the control limit near the onset
of the subcooled boiling. Hotelling’s T2 statistic exceeded the control limit at saturated
boiling. This suggests that the process trajectory of Hotelling’s T2 statistic can distinguish
the subcooled and saturated boiling stages more accurately than the SPE statistic.
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(a) 

(b) 
Figure 7. Cont.
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(c) 

(d) 
Figure 7. Control chart of Hotelling’s T2 statistic during the aqueous extraction of different herbs. The
blue vertical line indicates that the system entered saturated boiling: (a) Rehmanniae Radix Preparata;
(b) Phellodendri Chinensis Cortex; (c) Anemarrhenae Rhizoma; (d) Prunellae Spica.
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(a) 

(b) 
Figure 8. Cont.
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(c) 

(d) 
Figure 8. Control chart of SPE statistics during aqueous extraction of different herbs. The blue
vertical line indicates that the system entered saturated boiling: (a) Rehmanniae Radix Preparata;
(b) Phellodendri Chinensis Cortex; (c) Anemarrhenae Rhizoma; (d) Prunellae Spica.
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2.2.3. Characterization of Boiling by BoilStart

BoilStart is a self-adaptive decision-making boiling judgment method based on iter-
ative multivariate statistical analysis. BoilStart was used for the boiling start judgment
of the aqueous decoction process of single herbs. The experimental results are shown
in Figure 9 and Table 2. In different herb systems, the absolute errors were 1.8 ± 0.6,
2.0 ± 0.5, 1.8 ± 0.8, and 1.8 ± 0.6 min, respectively. The trigger was defined as Hotelling’s
T2 statistic exceeding the control limit at two consecutive time points. The reference was
the system’s entry into saturated boiling. This indicated that the prediction results of
BoilStart were relatively accurate. Compared with the temperature method, BoilStart
reduced the increasing-temperature time of the four extraction systems by 22.2 ± 5.2%,
23.1 ± 5.5%, 36.2 ± 2.7%, and 31.6 ± 0.3%, respectively. This indicated that BoilStart can
improve efficiency.

(a) 

(b) 

Figure 9. Cont.
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(c) 

(d) 

Figure 9. Evaluation of saturated boiling onset timing determined by BoilStart under varying
extraction herbal medicine. The blue vertical line indicates that the system entered saturated boiling:
(a) Rehmanniae Radix Preparata; (b) Phellodendri Chinensis Cortex; (c) Anemarrhenae Rhizoma;
(d) Prunellae Spica.

Table 2. Evaluation of saturated boiling onset timing determined by BoilStart (n = 3).

Extraction Herbal Herb
Mass (g)

Heating
Medium

Temperature
(◦C)

Time When
Temperature

Reached
100 ◦C (min)

Entered Saturated
Boiling Boiling Time

Determined
with BoilStart

(min)

AET
(min) δtime (%)

Time (min) Temperature
(◦C)

Rehmanniae Radix
Preparata

100 125 27.7 ± 0.8 19.7 ± 0.6 92.5 ± 0.5 21.5 ± 1.0 1.8 ± 0.6 22.2 ± 5.2
120 125 30.0 ± 2.2 20.7 ± 0.3 92.2 ± 2.3 22.0 ± 1.7 1.7 ± 1.0 26.1 ± 10.7
140 125 34.7 ± 1.0 23.3 ± 0.3 91.2 ± 2.1 25.3 ± 0.8 2.0 ± 0.5 26.9 ± 3.1
100 130 19.7 ± 0.8 11.7 ± 1.0 88.1 ± 2.7 13.7 ± 2.8 2.0 ± 1.7 30.1 ± 16.4
100 135 17.0 ± 0.5 10.8 ± 0.8 87.1 ± 4.2 12.3 ± 2.1 1.5 ± 1.3 27.6 ± 11.0

Phellodendri Chinensis
Cortex 100 125 27.2 ± 1.6 18.8 ± 0.3 91.9 ± 0.8 20.8 ± 0.6 2.0 ± 0.5 23.1 ± 5.5

Anemarrhenae Rhizoma 100 125 25.3 ± 1.3 18.0 ± 0.5 92.8 ± 2.2 16.2 ± 1.2 1.8 ± 0.8 36.2 ± 2.7
Prunellae Spica 100 125 25.8 ± 1.0 15.8 ± 0.3 88.5 ± 2.7 17.7 ± 0.8 1.8 ± 0.6 31.6 ± 0.3
Dabuyin Wan 100 125 29.2 ± 1.0 19.3 ± 0.8 91.3 ± 1.2 20.8 ± 1.2 1.5 ± 0.5 28.6 ± 1.6
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2.3. BoilStart Predictive Capability Evaluation

The boiling state during the aqueous extraction was affected by a combination of
factors such as the temperature of heating medium and total mass of the extraction system.
In order to further evaluate the ability of BoilStart, it was used under different heating
medium temperatures and extraction system masses.

2.3.1. Extraction System Mass

Rehmanniae Radix Preparata was used as the object of water extraction. The study
included three experimental groups using extraction system masses of 100 g, 120 g, and
140 g. The corresponding water additions were 1200 mL, 1440 mL, and 1680 mL, respec-
tively. Figure S1 shows the variation trends of temperature and AE signal at each phase
of the boiling stage. The result of 100 g is shown in Figure 6a. With the increase in the
mass of the whole extraction system, the boiling process was slowed down. The result of
BoilStart’s application at 100 g is shown in Figure 9a. The rest of the experimental results
are shown in Figure 10 and Table 2. The absolute errors of the BoilStart’s judgment results
were 1.8 ± 0.6, 1.7 ± 1.0, and 2.0 ± 0.5 min. This indicated that BoilStart had a satisfactory
capability to judge the boiling in the system of different masses. Relative to the temperature
method, BoilStart cut the increasing-temperature time by 22.2 ± 5.2%, 26.1 ± 10.7%, and
26.9 ± 3.1%. This showed that BoilStart can enhance efficiency.

2.3.2. Heating Medium Temperature

Rehmanniae Radix Preparata was used as the object of water extraction. Three experi-
mental groups were conducted, with heating medium temperatures set to 125 ◦C, 130 ◦C,
and 135 ◦C, respectively. Figure S2 shows the variation curves of temperature and AE signal
at each phase of the boiling stage under different heating medium temperatures. The result
for 125 ◦C is shown in Figure 6a. With the increase in heating medium temperature, the
boiling process was accelerated. The result for 125 ◦C is shown in Figure 9a. The rest of the
experimental results are shown in Figure 11 and Table 2. The absolute errors were 1.8 ± 0.5,
2.0 ± 1.7, and 1.5 ± 1.3 min. It showed that the method can realize the accurate judgment
of the boiling moment at different heating medium temperatures. Against the temperature
method, BoilStart shortened increasing-temperature time by 22.5 ± 5.2%, 30.1 ± 16.4%,
and 27.6 ± 11.0%. This demonstrated BoilStart’s efficiency gains.

(a) 

Figure 10. Cont.
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(b) 

Figure 10. Evaluation of saturated boiling onset timing determined by BoilStart under varying
extraction system mass. The blue vertical line indicates that the system entered saturated boiling:
(a) 120 g; (b) 140 g.

2.4. Application of BoilStart in Dabuyin Wan

In the production of Dabuyin Wan, Rehmanniae Radix Preparata, Phellodendri Chinen-
sis Cortex, and Anemarrhenae Rhizoma were decocted together. To verify the applicability,
the laboratory tests were conducted and reproduced the industrial extraction parameters.
BoilStart was applied to monitor the boiling process of the combined decoction in Dabuyin
Wan. A total of 100 g of Rehmanniae Radix Preparata, Phellodendri Chinensis Cortex,
and Anemarrhenae Rhizoma were added with 12 times of water. The temperature of
the heating medium was set to 125 ◦C. The AE and temperature signals were collected
during the increasing-temperature process. As shown in Figure S3, the extraction system of
Dabuyin Wan entered saturated boiling at 19.3 ± 08 min, at which the power spectral den-
sity increased rapidly. Figure 12 shows that BoilStart judged boiling to be at 20.8 ± 1.2 min,
indicating the good accuracy of the method. Compared with the boiling criterion of 100 ◦C,
BoilStart can recognize the saturated boiling stage of 8.3 ± 0.3 min earlier. The increasing-
temperature time was shortened by about 29%, which improved production efficiency
and saved energy. In addition, the electricity meter was used to measure the electricity
consumption of this process. The carbon emissions were calculated based on the 2022 Elec-
tricity Carbon Dioxide Emission Factor of Zhejiang Province published by the Ministry of
Ecology and Environment of the People’s Republic of China [36]. The calculation formula is
shown in Equation (1). The results showed that using BoilStart could reduce the electricity
consumption during the increasing-temperature time by approximately 26%.

CE = EF × EC (1)

where CE is the carbon emissions; EF is the electricity carbon dioxide emission factor
(0.5153 kgCO2/kWh); and EF is the electricity consumption measured by the electricity meter.
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(a) 

(b) 

Figure 11. Evaluation of saturated boiling onset timing determined by BoilStart under varying
heating medium temperatures. The blue vertical line indicates that the system entered saturated
boiling: (a) 130 ◦C; (b) 135 ◦C.

Figure 12. Application of BoilStart in the extraction process of Dabuyin Wan. (The blue vertical line
indicates that the system entered saturated boiling.)
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3. Discussion
3.1. Advantages of BoilStart

At the present stage, the boiling state recognition of the industrial extraction process
relies on manual experience or the built-in temperature sensor of the extraction tank. This
results in a lag in the determination of the boiling moment. Compared with the current
industrial methods, the advantages of BoilStart are as follows in three points: First, as
shown in Figures 2, 4, 6 and S1–S3, the changes in AE signal at different boiling stages
were more obvious. When the system entered saturated boiling, the AE signal intensity
increased significantly, while the temperature rise rate was very low, making it difficult to
accurately distinguish subcooled boiling and saturated boiling. Second, as shown in Table 2,
BoilStart was adaptive under different extraction conditions. It can update the threshold
in real time through iterative modeling. Under different extraction conditions, BoilStart’s
boiling judgment error was within 1.5 to 2.0 min. The temperatures at the boiling moment
may vary under different extraction conditions and medicinal material systems. It ranged
from 88.1 ◦C to 92.8 ◦C in this study. BoilStart could adapt to these differences. Third,
BoilStart was beneficial for efficiency improvement and energy conservation. BoilStart
could promptly detect whether the extraction system has entered the discrete saturated
boiling state. Temperature-based monitoring often suffered from lag in identifying the
boiling onset. This led to unnecessary heating energy consumption and time consumption.
According to Table 2, under the same extraction conditions, using BoilStart can save
approximately 22% to 36% of increasing-temperature time compared to using temperature.

3.2. Influence of Herb Characteristics on AE Signals

The herbs used in this paper are shown in Figure 13. Rehmanniae Radix Preparata
is the tuberous root, Phellodendri Chinensis Cortex is the bark, Anemarrhenae Rhizoma
is the rhizome, and Prunellae Spica is the spica. The different morphology of the herbs
may change the bubble behavior and the corresponding acoustic characteristics. The
time to reach saturated boiling in the Prunellae Spica system was earlier than that of the
other herb systems. This may be attributed to the fact that the loose and porous surface
structure of Prunellae Spica provided more bubble nucleation sites and accelerated the
boiling process [37]. In addition, the power spectral density of the Prunellae Spica system
went directly into up and down fluctuations after a rapid rise, and it is hypothesized that
its morphology influenced the bubble aggregation [38].

In addition to the morphology of the herbs themselves, the components in the herbal
extracts may also affect the acoustic characteristics during the boiling process. The max-
imum and mean values of the power spectral density of the discrete saturated boiling
stage were calculated. As shown in Figure 14, the overall value of the power spectral
density of the Anemarrhenae Rhizoma system was relatively small. The literature reported
that the Anemarrhenae Rhizoma extract contained more saponin components [39]. Since
saponins reduced the surface tension of the aqueous solution [40], it is speculated that
the presence of saponins made the bubbles more stable. The energy intensity of the AE
signals generated by bubble rupture was reduced accordingly. After the onset of saturated
boiling, the 75–100 kHz band showed a pronounced increase in power spectral density in
all four extraction systems. Both the signature frequencies and the power spectral density
magnitude differed across systems. These observations suggest correlation of AE features
with herbal compositions or forms.
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(a) (b) 

  
(c) (d) 

Figure 13. Morphology of herbs: (a) Rehmanniae Radix Preparata; (b) Phellodendri Chinensis Cortex;
(c) Anemarrhenae Rhizoma; (d) Prunellae Spica.

Figure 14. Maximum and average values of power spectral density at “signature frequencies” during
the aqueous extraction of different herbs. (Both the axes and the color bars were linear. The power
spectral density was presented in linear units (V2/Hz) and displayed in scientific notation.)

3.3. Hotelling’s T2 for AE Monitoring

In this study, the AE signal related to boiling was concentrated in the 75–100 kHz band.
Its spectral features varied with extraction conditions. To retain the relevant information
while ensuring robustness, the power spectral density within the selected frequency band
was compressed using PCA, and the process was monitored through Hotelling’s T2 and SPE.
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Hotelling’s T2 measured deviations were within the principal component subspace. SPE
measured deviations in the residual subspace. When the boiling state changed, Hotelling’s
T2 and SPE deviated significantly from the baseline. Hotelling’s T2 exhibited smaller trigger
time errors, suggesting that it is suitable for online monitoring.

Machine-learning classifiers and neural networks typically require larger labeled
datasets [41–43] and higher computational budgets [44–46]. In contrast, Hotelling’s T2 is
efficient and lightweight. It is also easier to audit and maintain. With only a small number
of nominal batches, it can establish models and control limits. However, compared with
the commonly used method in the industry of determining boiling based on temperature,
workers may feel the present method more difficult to understand.

3.4. Limitations and Future Work

This study did not apply BoilStart to the factory site. The noise impact at the produc-
tion site has not been investigated yet. According to the literature [47], the noise of the
steam pipeline and valve was mainly concentrated within 0–2 kHz, whereas our AE band
was 75–100 kHz. These above bands did not overlap. However, there may still be other
interfering sound sources in industrial sites. In future studies, we will try to use BoilStart
in industrial sites to observe the application effect.

In this study, the robustness of AE-based BoilStart at different heating medium temper-
atures and extraction system masses was investigated. However, we did not quantitatively
study bubble size or its distribution. Prior studies [21,48] have shown that the variation in
heat flux altered bubble generation frequency and size distribution, and concurrently changed
AE characteristics. Therefore, it is necessary to study the relationship between bubble size and
AE signal in the future. For instance, high-speed cameras can be used to collect information on
bubble size and nucleation frequency. Machine-learning methods can be adopted to establish
the relationship between bubbles and acoustic emission signals, etc.

The medicinal materials of traditional Chinese medicine are generally processed
through steps such as cleaning and cutting to become decoction pieces. In the industry,
the decoction pieces are mostly directly extracted without additional grinding. To ensure
consistency with practical conditions, our experiments used decoction pieces without
grinding. However, the particle-size distribution may affect AE features. Therefore, further
research is still needed on the influence of the particle-size distribution of decoction pieces
on the results of BoilStart.

4. Materials and Methods
4.1. Selection of Experimental Medicinal Materials

Rehmanniae Radix Praeparata, Phellodendri Chinensis Cortex, Anemarrhenae Rhi-
zoma, and Prunellae Spica were selected as representative materials for two reasons. First,
these herbs represent four different medicinal parts: tuberous root, bark, rhizome, and
spica. Such differences may influence the density of nucleation sites, bubble generation
and coalescence behavior, and consequently AE spectral signatures [37,38]. This diversity
demonstrated the cross-part applicability of BoilStart. Second, Anemarrhenae Rhizoma con-
tains high levels of saponins [39], which have been reported to reduce the surface tension of
aqueous media [40]. Therefore, the bubble behavior in its extraction system may differ, in
turn affecting AE intensity and spectral distribution. The batch numbers and sources of the
medicinal materials used in this experiment are as follows: Rehmanniae Radix Preparata
(JP20231030-4), Phellodendri Chinensis Cortex (JP20230112-4), Anemarrhenae Rhizoma
(JP20230627-1) were provided by Hangzhou Hu Qing Yu Tang Pharmaceutical Co., Ltd.
(Hangzhou, China). Prunellae Spica (2022112306) was provided by Chiatai Qingchunbao
Pharmaceutical Co., Ltd. (Hangzhou, China).
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4.2. Experimental Setup

The AE signal acquisition setup for the herbal extraction process is shown in Figure 15.
A glass-jacketed reactor with an effective volume of 2000 mL was used as the extraction
vessel. It was heated by a high-temperature circulator (HMGX-2005, Yancheng Hailan
Instrument Co., Ltd., Yancheng, China). The system temperature was measured by a K-type
thermocouple probe (TB601-1A, Suzhou Zoff Electronics Co., Ltd., Suzhou, China) and a
thermocouple temperature measuring instrument (TA612C, Suzhou Zoff Electronics Co.,
Ltd., Suzhou, China). AE signal acquisition system consisted of an AE sensor (8152C0,
Kistler Group, Winterthur, Switzerland), an AE signal conditioner (5125C, Kistler Group,
Winterthur, Switzerland), and a data acquisition card (NI9223, National Instruments, Austin,
TX, USA). The acoustic and temperature data were recorded and saved in real time by the
workstation. The magnification of the signal conditioner was set to 1000. The sampling
rate was 1 MHz. The signal acquisition period was 30 s. The collection duration was 10 s.
An electricity meter (DL333501, Deli Group Co., Ltd., Ningbo, China) was used to measure
electricity consumption.

Figure 15. AE signal acquisition setup for herbal medicine extraction. (1) High-temperature circulator,
(2) glass-jacketed reactor, (3) K-type thermocouple probe, (4) thermocouple temperature measuring
instrument, (5) AE sensor, (6) AE signal conditioner, (7) data acquisition card, (8) workstation.

During the experiment, when the heating medium temperature reached the set value,
pure water or extracted herbs and the corresponding multiples of water were added. Then,
AE signal and temperature signal were acquired every 30 s. The signal collection was
stopped 5 min after the system began to boil. The acquired signals were subjected to
spectrum analysis and feature extraction.

4.3. Performance Evaluation of BoilStart

To assess methodological applicability, BoilStart was applied to the aqueous extraction
processes of four herbal materials. Each experiment was repeated three times. Detailed
extraction parameters are provided in Table 3. The phenomenon of bubbles rising to the
liquid surface after detachment from the vessel wall was regarded as the indication that
the system entered saturated boiling. The accuracy of BoilStart’s boiling judgment was
assessed using the absolute error time (AET), defined by Equation (2). Compared with
conventional temperature monitoring, BoilStart’s effects on improving production efficiency
and reducing energy consumption were examined. The efficiency gain of BoilStart was
quantified by the time shortening ratio (δtime), defined by Equation (3):

AET =
∣∣∣tre f − tAE

∣∣∣ (2)

where tre f is the boiling moment determined based on the bubble behavior, and tAE is the
boiling moment determined by BoilStart.

δtime =
ttemp − tAE

ttemp
× 100% (3)
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where ttemp is the boiling moment determined by temperature sensor. The boiling standard
was adopted at 100 ◦C, which is commonly used in the industry.

Table 3. Extract specific process parameters (n = 3).

Extracted Herbs Herb Mass (g) Heating Medium
Temperature (◦C) pH

Rehmanniae Radix Preparata

100.0; 100.1; 100.0 125.0 4.776 ± 0.045
120.0; 120.2; 120.1 125.0 4.659 ± 0.070
140.1; 140.1; 140.0 125.0 4.721 ± 0.107
100.2; 100.1; 100.1 130.0 4.605 ± 0.043
100.0; 100.0; 100.1 135.0 4.580 ± 0.042

Phellodendri Chinensis Cortex 100.0; 100.1; 100.2 125.0 5.042 ± 0.047
Anemarrhenae Rhizoma 100.0; 100.0; 100.2 125.0 5.445 ± 0.094

Prunellae Spica 100.2; 100.2; 100.2 125.0 6.088 ± 0.057

The robustness of BoilStart in boiling detection and energy efficiency improvement
under different conditions was evaluated by calculating AET and δtime. Rehmanniae Radix
Praeparata was used as an experimental material. Three mass levels were set for the
extraction system: 100 g, 120 g, and 140 g. For the heating medium temperature, three
levels were set: 125 ◦C, 130 ◦C, and 135 ◦C. Each experiment was repeated three times.
Detailed extraction parameters are provided in Table 3. The pH was measured on samples
taken at the boiling point.

4.4. Data Analysis
4.4.1. Data Pre-Processing

In AE signal analysis, the time domain signal was converted to the frequency domain
through spectral analysis. In this study, the power spectral density estimation method was
used for the spectral analysis of time domain signals. Firstly, each raw signal segment
obtained from acquisition was divided into 80 segments. Each signal segment was centered
to remove the DC bias. The power spectrum was calculated using the periodogram
function in the built-in signal processing toolkit of MATLAB 2022a. For the AE signal Xn

with sampling frequency fs, the power spectral density estimation method based on the
discrete Fourier variation is shown in Equation (4) [49]:

P̂( f ) =
1

fsN

∣∣∣∣∣N−1

∑
n=0

hnxne−j2π f n/ fs

∣∣∣∣∣
2

(4)

where P̂( f ) is the power spectral density estimate at frequency f , N is the total number of
signal points, hn is the window function, and xn is the signal value of the discrete signal
at time point n. The window function was set as Hann window to suppress the spectral
leakage; fs was 1 MHz, and N was 125,000. The one-sided spectrum was calculated to retain
the effective frequency information from 0 to 500 kHz. The power spectrum of the original
signal was estimated by averaging all the segmented power spectra. To further reduce the
effect of random noise, the spectrum was uniformly segmented into 500 sub-bands. Each
sub-band had a bandwidth of 1 kHz. The dimensionality-reduced spectrum was used to
construct the AE spectrum dataset for the extraction process.

4.4.2. Multivariate Statistical Analysis

After obtaining the AE spectrum dataset of the extraction process, different boiling
stages were divided based on different bubble behaviors. “Signature frequency” was
selected, whose power spectral density variation trend was consistent with boiling stage
change and whose power spectral density signal strength was relatively large. However,
“signature frequencies” of AE signals were different in different herbal extraction systems.
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The manual screening was inefficient. Therefore, multivariate statistical analysis was
introduced into this study. The AE signals in the frequency band were compressed into
a few statistics by principal component analysis (PCA). In this paper, Hotelling’s T2 and
SPE statistics were compared. Hotelling’s T2 statistic was obtained by co-accumulating the
normalized scores of all principal components. For the data matrix X(N × K), Hotelling’s
T2 statistic of the n-th sampling point Xn(1 × K) is calculated as shown in Equation (5). It
can be used to determine whether an observation significantly deviated from the center of
other observations.

T2
n =

(
tn − t

)
λ−1(tn − t

)T (5)

where tn(1 × A) is the vector consisting of the scores of A principal components of the
sampling point Xn, t(1 × A) is the vector consisting of the mean values of the scores
of each principal component over all N sampling points, and λ(1 × A) is the diagonal
matrix consisting of the corresponding eigenvalues of A principal components. Under the
assumption that X obeys a multivariate normal distribution, the control limit of Hotelling’s
T2 statistic is calculated using the F distribution as shown in Equation (6):

T2
UCL =

A(N − 1)
(N − A)

F1−α(A, N − A) (6)

where F1−α(A, N − A) is the upper critical value at significance level α of the F distribution
obeying the degrees of freedom (A, N − A).

The SPE statistic is the sum of squares of the model residuals. It represents the variation
in the sampling points not explained by the model. The SPE statistic for the n-th sampling
point Xn(1 × K) is calculated as shown in Equation (7). It is used to measure the difference
between the observed values and the predicted values of the PCA model.

SPEn = eneT
n =

k

∑
k=1

(xnk − x̂nk)
2 (7)

where en is the residual term of the sampling point Xn, xnk is the observed value of the
k-th variable of the sampling point Xn, and x̂nk is the model predicted value of the k-th
variable of the sampling point Xn. Assuming that SPE obeys binomial distribution, when
the significance level is α, the calculation of SPE control limits is shown in Equation (8):

SPEα = θ1

[
zαh0

√
2θ2

θ1
+

θ2h0(h0 − 1)
θ2

1
+ 1

] 1
h0

(8)

where

θi =
K

∑
k=A+1

λi
k(i = 1, 2, 3) (9)

h0 = 1 − 2θ1θ3

3θ2
2

(10)

Zα is the 100 (1 − α)% confidence limit of the standard normal distribution, and λk is the
k-th eigenvalue of the X covariance matrix.

To compare the ability of Hotelling’s T2 and SPE statistics to distinguish saturated
boiling, the extraction process of Rehmanniae Radix Preparat was taken as a research case.
A multivariate statistical analysis model was established by selecting the power spectra in
the 75–100 kHz band in the subcooled boiling stage of each individual batch. Through PCA
dimensionality reduction, the principal components with an explanatory variation ability
greater than 0.05 were retained. The batch control limits of Hotelling’s T2

limit (α = 0.01) and
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SPElimit (α = 0.01) were established. Hotelling’s T2 and SPE statistics of each time point
after the start of the extraction were calculated. The selected statistics were those whose
moments of exceeding the control limits were closer to the moments when the system
entered saturated boiling.

4.4.3. BoilStart

In order to realize the real-time accurate judgment of the starting point of boiling,
this study proposed a self-adaptive decision-making boiling judgment method named
BoilStart, based on iterative multivariate statistical analysis. As shown in Figure 16, real-
time modeling and monitoring were carried out by using AE signals acquired from each
individual batch. The specific steps were as follows: iterative modeling was carried out
starting from N = 10. After acquiring N spectra, PCA was performed on the 1st to the
(N − 1)-th AE spectra. The batch control limit T2

limit N−1 was established. The (N − 1)-th
spectrum was projected onto the PCA model in real time and its Hotelling’s T2 statistic
T2

N−1 was calculated. T2
N−1 was compared with T2

limit N−1. Subsequently, PCA was
carried out on the 1st to N-th AE spectra. The batch control limit T2

limit N was established.
The N-th spectrum was projected onto the updated model, and T2

N was computed. A
comparison between T2

N and T2
limit N was conducted. These steps were repeated until

both conditions T2
N−1 > T2

limit N−1 and T2
N > T2

limit N were satisfied. Once met, the system
was considered to have boiled. A detection signal was triggered by the system.

Figure 16. Calculation flow diagram of BoilStart.
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5. Conclusions
In this study, an online AE signal acquisition system was first established. The boiling

process was divided into two stages, subcooled boiling and saturated boiling, according
to the change in bubble behavior. Spectrogram analysis revealed distinct AE signal peaks
within the 75–100 kHz frequency band. Then, the spectral characteristics of the AE signal
under different extraction systems and its feasibility of monitoring the boiling state were
investigated. The results showed that the AE signal could effectively detect the saturated
boiling stage, but the “signature frequency” varied according to herb species. In order to
improve the convenience and flexibility of the method, the multivariate statistical analysis
method was adopted in this study. Hotelling’s T2 statistic was screened out to reflect the
boiling state. On this basis, a self-adaptive decision-making method, named BoilStart, was
developed using iterative multivariate statistical analysis. BoilStart can realize the online
monitoring of the boiling states of different herb systems without a priori model library. The
absolute errors between the boiling judgment time and the real value were 1.8 ± 0.6 min,
2.0 ± 0.5 min, 1.8 ± 0.8 min, and 1.8 ± 0.6 min. This showed that the judgment results were
accurate and reliable. The robustness of the method under different extraction conditions
was evaluated by changing the conditions of extraction quality and heating temperature.
The results showed that BoilStart can still maintain a strong boiling judgment ability
under different extraction conditions. At heating medium temperatures of 125–135 ◦C, the
absolute errors of BoilStart ranged from 1.5 min to 2.0 min. The increasing-temperature
time was reduced by about 22.2–30.1%. At extraction herbal masses of 100–140 g, BoilStart
yielded absolute errors of 1.7–2.0 min. The increasing-temperature time was reduced by
about 22.5–26.9%. Finally, BoilStart was applied to the extraction process of Dabuyin Wan.
BoilStart can more accurately and timely determine the boiling situation of the system
compared with the traditional temperature judgment standard. The increasing-temperature
time of extraction was shortened by about 29%. The electricity consumption during the
increasing-temperature time was reduced by approximately 26%. In summary, BoilStart
provided a novel and effective solution for online monitoring of the boiling status of the
herbal extraction process. It contributed to shortening unnecessary increasing-temperature
time and lowering the energy consumption in production, offering technical support for
the intelligent manufacturing transformation in the herbal medicine industry. BoilStart has
not been validated under on-site factory, the effects of bubble size, bubble distribution, and
herb particle-size distribution were not investigated and will be explored in future studies.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/ph18101556/s1, Figure S1: The variation trend of the increasing-
temperature curve and the power spectral density of the “signature frequency” under different
extraction system masses. (The blue vertical line indicated that the system entered saturated boiling.
Both the axes and the color bars were linear. The power spectral density was presented in linear units
(V2/Hz) and displayed in scientific notation.): (a) 120 g; (b) 140 g. Figure S2. The variation trend
of the increasing-temperature curve and the power spectral densi-ty of the “signature frequency”
under different heating medium temperatures. (The blue vertical line indicated that the system
entered saturated boiling. Both the axes and the color bars were linear. The power spectral density
was presented in linear units (V2/Hz) and displayed in scientific notation.): (a) 130 ◦C; (b) 135 ◦C.
Figure S3: The variation trend of the increasing-temperature curve and the power spectral densi-ty
during the extraction process of Dabuyin Wan. (The blue vertical line indicated that the system
entered saturated boiling. Both the axes and the color bars were linear. The power spectral density
was presented in linear units (V2/Hz) and displayed in scientific notation.)

Author Contributions: Conceptualization, X.G. and H.Q.; methodology, J.L.; software, J.L. and H.F.;
validation, J.L.; formal analysis, J.L. and H.F.; investigation, J.L.; resources, X.G. and H.Q.; data
curation, J.L.; writing—original draft preparation, J.L. and H.F.; writing—review and editing, J.L. and

https://www.mdpi.com/article/10.3390/ph18101556/s1
https://www.mdpi.com/article/10.3390/ph18101556/s1


Pharmaceuticals 2025, 18, 1556 26 of 28

X.G.; visualization, J.L.; supervision, X.G.; project administration, X.G. and H.Q.; funding acquisition,
X.G. and H.Q. All authors have read and agreed to the published version of the manuscript.

Funding: This research was funded by the “Pioneer” and “Leading Goose” R&D Program of Zhejiang
(2024C03103) and the National Key Research and Development Program of China (2024YFC3506900).

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: The original contributions presented in this study are included in the
article/Supplementary Materials. Further inquiries can be directed to the corresponding author.

Conflicts of Interest: The authors declare no conflicts of interest.

Abbreviations
The following abbreviations are used in this manuscript:

AE acoustic emission
PCA principal component analysis

References
1. Miao, H. The Dynamic Predictive Control of Chinese Medicine Extraction Process based on Digital Twin. Master’s Thesis, Tianjin

University of Traditional Chinese Medicine, Tianjin, China, 2023.
2. Fu, H.; Teng, K.; Shen, Y.; Zhao, J.; Qu, H. Quantitative Analysis of Moisture Content and Particle Size in a Fluidized Bed

Granulation Process Using near Infrared Spectroscopy and Acoustic Emission Combined with Data Fusion Strategies. Spectrochim.
Acta Part. A Mol. Biomol. Spectrosc. 2024, 305, 123441. [CrossRef]

3. Hu, Z.; Ding, K.; Zhou, J.; Wu, G. Early Fatigue Damage Evolution and Crack Recognition in Low-Cycle Metal Fatigue Testing
Based on Acoustic Emission Monitoring. Int. J. Fatigue 2025, 201, 109182. [CrossRef]

4. Ingle, V.V.; Prem, P.R. Acoustic Emission Examination of 3D Printed Ultra-High Performance Concrete with and without Coarse
Aggregate under Fresh and Hardened States. J. Build. Eng. 2025, 111, 113491. [CrossRef]

5. Ansari, M.J.; Roccisano, A.; Arcondoulis, E.J.G.; Schulz, C.; Schläfer, T.; Hall, C. Relationship between Associated Acoustic
Emission and Crack Position during Directed Energy Deposition of a Metal Matrix Composite. J. Manuf. Process. 2025, 147,
177–190. [CrossRef]

6. Fulek, R.; Ramm, S.; Kiera, C.; Pein-Hackelbusch, M.; Odefey, U. A Machine Learning Approach to Qualitatively Evaluate
Different Granulation Phases by Acoustic Emissions. Pharmaceutics 2023, 15, 2153. [CrossRef]

7. Solanki, L.K.; Munzni, B.K.; Vidyarthi, U.S. Acoustic Emission, a Non-Destructive Technique-an Overview. IJRASET 2024, 12,
1423–1430. [CrossRef]

8. Shang, Z.; Udayakumar, S.; Wang, H.; Li, X.; Wang, J.; Ji, X.; Wang, X.; Zhang, B.; Ren, X.; Pahlevani, F.; et al. 3D Microstructure and
Corrosion Behavior of Porous Co-Al-Cr Intermetallic Fabricated via Rapid Low-Energy Self-Exothermic Reaction for Advanced
Filtration Applications. Sep. Purif. Technol. 2025, 378, 134520. [CrossRef]

9. Dehane, A.; Merouani, S.; Hamdaoui, O. Carbon Tetrachloride (CCl4) Sonochemistry: A Comprehensive Mechanistic and Kinetics
Analysis Elucidating How CCl4 Pyrolysis Improves the Sonolytic Degradation of Nonvolatile Organic Contaminants. Sep. Purif.
Technol. 2021, 275, 118614. [CrossRef]

10. Yildirim, K.; Kozjek, D.; Vanwersch, P.; Nagarajan, B.; Castagne, S. Exploring Material Removal Dynamics during Femtosecond
Laser Micromachining by In-Situ Acoustic Emission Monitoring with Physics-Based and Data-Driven Analysis. Opt. Laser Technol.
2025, 192, 113721. [CrossRef]

11. Alam, Q.; Raj, R.; Upadhyay, A.; Assam, A. On the Origin and Nature of Acoustic Emissions from Bubbles Departing an
Underwater Nozzle. Phys. Fluids 2025, 37, 041703. [CrossRef]

12. Meng, M.; Li, X.; Zhang, H.; Li, F. Theoretical Study of Acoustic Field Caused by Single Bubble Behavior. Phys. Fluids 2025, 36,
123378. [CrossRef]

13. Zhang, B.; Gong, S.; Wu, Y.; Xiong, Z.; Ma, W. Numerical Simulation for Pressure Fluctuations Caused by the Growth of a Single
Boiling Bubble. Appl. Therm. Eng. 2024, 254, 123902. [CrossRef]

14. Hobold, G.M.; Alexandre, K.S. Machine Learning Classification of Boiling Regimes with Low Speed, Direct and Indirect
Visualization. Int. J. Heat Mass Transf. 2018, 25, 1296–1309. [CrossRef]

15. Hobold, G.M.; Alexandre, K.S. Visualization-Based Nucleate Boiling Heat Flux Quantification Using Machine Learning. Int. J.
Heat Mass Transf. 2019, 134, 511–520. [CrossRef]

https://doi.org/10.1016/j.saa.2023.123441
https://doi.org/10.1016/j.ijfatigue.2025.109182
https://doi.org/10.1016/j.jobe.2025.113491
https://doi.org/10.1016/j.jmapro.2025.05.015
https://doi.org/10.3390/pharmaceutics15082153
https://doi.org/10.22214/ijraset.2024.58618
https://doi.org/10.1016/j.seppur.2025.134520
https://doi.org/10.1016/j.seppur.2021.118614
https://doi.org/10.1016/j.optlastec.2025.113721
https://doi.org/10.1063/5.0263935
https://doi.org/10.1063/5.0237504
https://doi.org/10.1016/j.applthermaleng.2024.123902
https://doi.org/10.1016/j.ijheatmasstransfer.2018.04.156
https://doi.org/10.1016/j.ijheatmasstransfer.2018.12.170


Pharmaceuticals 2025, 18, 1556 27 of 28

16. Soibam, J.; Scheiff, V.; Aslanidou, I.; Kyprianidis, K.; Fdhila, R.B. Application of Deep Learning for Segmentation of Bubble
Dynamics in Subcooled Boiling. Int. J. Multiph. Flow 2023, 169, 104589. [CrossRef]

17. Zhang, K.; Yang, J.; Huai, X.; Cheng, K. Highly Stable Subcooled Flow Boiling Enabled by an Opposed Wall Jet Design. Int. J. Heat
Mass Transf. 2023, 216, 124562. [CrossRef]

18. Seo, S.B.; Bang, I.C. Acoustic Analysis on the Dynamic Motion of Vapor-Liquid Interface for the Identification of Boiling Regime
and Critical Heat Flux. Int. J. Heat Mass Transf. 2019, 131, 1138–1146. [CrossRef]

19. Barathula, S.; Chaitanya, S.; Srinivasan, K. Evaluation of Machine Learning Models in the Classification of Pool Boiling Regimes
up to Critical Heat Flux Based on Boiling Acoustics. Int. J. Heat Mass Transf. 2023, 201, 123623. [CrossRef]

20. Tang, J.; Xie, G.; Bao, J.; Mo, Z.; Liu, H.; Du, M. Experimental Study of Sound Emission in Subcooled Pool Boiling on a Small
Heating Surface. Chem. Eng. Sci. 2018, 188, 179–191. [CrossRef]

21. Lim, D.Y.; Bang, I.C. A Novel Non-Destructive Acoustic Approach for Investigating Pool Boiling Phenomena. Int. J. Heat Mass
Transf. 2024, 222, 125166. [CrossRef]

22. Baek, S.H.; Wu, K.; Shim, H.-S.; Lee, D.H.; Kim, J.G.; Hur, D.H. Acoustic Emission Monitoring of Water Boiling on Fuel Cladding
Surface at 1 Bar and 130 Bar. Measurement 2017, 109, 18–26. [CrossRef]

23. Sinha, K.N.R.; Kumar, V.; Kumar, N.; Thakur, A.; Raj, R. Deep Learning the Sound of Boiling for Advance Prediction of Boiling
Crisis. Cell Rep. Phys. Sci. 2021, 2, 100382. [CrossRef]

24. Dunlap, C.; Pandey, H.; Weems, E.; Hu, H. Nonintrusive Heat Flux Quantification Using Acoustic Emissions during Pool Boiling.
Appl. Therm. Eng. 2023, 228, 120558. [CrossRef]

25. Suriyaprasaad, B.; Upadhyay, A.; Thakur, A.; Raj, R. Explainable Boiling Acoustics Analysis Using Grad-CAM and YAMNet for
Robust Pool Boiling Regime Classification. Appl. Therm. Eng. 2025, 278, 127220. [CrossRef]

26. Sinha, K.N.R.; Kumar, V.; Kumar, N.; Thakur, A.; Raj, R. Dataset for Boiling Acoustic Emissions: A Tool for Data Driven Boiling
Regime Prediction. Data Brief 2024, 52, 109793. [CrossRef]

27. Sinha, K.N.R.; Ranjan, D.; Kumar, N.; Raza, Q.; Raj, R. Simultaneous Audio-Visual-Thermal Characterization of Transition Boiling
Regime. Exp. Therm. Fluid Sci. 2020, 118, 110162. [CrossRef]

28. Zhou, J.; Lin, B.; Sui, T.; Hou, H.; Zhao, P.; Lv, B.; Xue, J. Radial Compression Characteristics and Damage Evolution of Three-Layer
SiC/SiC Composite Tubes Based on Acoustic Emission. J. Eur. Ceram. Soc. 2025, 45, 117673. [CrossRef]

29. Baek, S.H.; Shim, H.-S.; Kim, J.G.; Hur, D.H. Visualization and Acoustic Emission Monitoring of Nucleate Boiling on Rough and
Smooth Fuel Cladding Surfaces at Atmospheric Pressure. Nucl. Eng. Des. 2018, 330, 429–436. [CrossRef]

30. Ueki, Y.; Ara, K. Proof of Concept of Acoustic Detection of Boiling Inception and State Transition Using Deep Neural Network.
Int. Commun. Heat Mass Transf. 2021, 129, 105675. [CrossRef]

31. Wang, X.; Liu, K.; Ying, Z. Study on the Acoustic Emission Frequency of Salicylic Acid Crystal Growth Based on Beam Vibration.
Ultrasonics 2025, 151, 107620. [CrossRef]

32. Nishant Ranjan Sinha, K.; Ranjan, D.; Raza, Q.; Kumar, N.; Kaner, S.; Thakur, A.; Raj, R. In-Situ Acoustic Detection of Critical
Heat Flux for Controlling Thermal Runaway in Boiling Systems. Int. J. Heat Mass Transf. 2019, 138, 135–143. [CrossRef]

33. Alhashan, T.; Addali, A.; Amaral Teixeira, J.; Elhashan, S. Identifying Bubble Occurrence during Pool Boiling Employing Acoustic
Emission Technique. Appl. Acoust. 2018, 132, 191–201. [CrossRef]

34. Liu, J.; Zhou, N.; Zhou, H.; Zheng, Z.; Zhang, X.; Lv, Z.; Yu, J. A Novel Damage Model on the Acoustic Emission Characteristics
of Weakly Cemented Soft Rock under Alkaline Water-Enriched Environment. Rock Mech. Bull. 2025, 5, 100221. [CrossRef]

35. Bachir, A.A.; Zeqi, C.; Marior, L.F.; Jonathan, B.E.; Mitra, A. Real-Time Optical and Acoustic Characterization of Phase-Shift
Droplets for Drug-Delivery Applications. ACS Appl. Mater. Interfaces 2025, 17, 51737. [CrossRef]

36. Announcement on the Release of the 2022 Electricity Carbon Dioxide Emission Factor. Available online: https://www.mee.gov.
cn/xxgk2018/xxgk/xxgk01/202412/t20241226_1099413.html (accessed on 5 October 2025).

37. Hou, J.; Li, D.; Ma, L.; Wei, N.; Huang, L.; Zhao, X.; Wei, J.; Hao, N. Coupling Zinc Oxide Nanopatterns with Low-Power
Acoustics for Synergistic Two-Phase Cooling Enhancement. Chem. Eng. J. 2025, 508, 161081. [CrossRef]

38. Mao, L.; Zhou, W.; Hu, X.; He, Y.; Zhang, G.; Zhang, L.; Fu, R. Pool Boiling Performance and Bubble Dynamics on Graphene
Oxide Nanocoating Surface. Int. J. Therm. Sci. 2020, 147, 106154. [CrossRef]

39. Kim, H.; Kang, Y.; Jin, B.; Lee, M.; An, H. Anti-Inflammatory Capacity of a Medicinal Herb Extract, Anemarrhena Asphodeloides,
on In Vivo and In Vitro Models-Induced Atopic Dermatitis. Heliyon 2024, 10, e37935. [CrossRef]

40. Zhang, X.; Li, C.; Hu, W.; Abdel Samie, M.A.; Cui, H.; Lin, L. An Overview of Tea Saponin as a Surfactant in Food Applications.
Crit. Rev. Food Sci. Nutr. 2024, 64, 12922–12934. [CrossRef]

41. Roh, Y.; Heo, G.; Whang, S.E. A Survey on Data Collection for Machine Learning: A Big Data—AI Integration Perspective. IEEE
Trans. Knowl. Data Eng. 2021, 33, 1328–1347. [CrossRef]

42. Rafiei, M.H.; Gauthier, L.V.; Adeli, H.; Takabi, D. Self-Supervised Learning for Electroencephalography. IEEE Trans. Neural Netw.
Learn. Syst. 2024, 35, 1457–1471. [CrossRef]

https://doi.org/10.1016/j.ijmultiphaseflow.2023.104589
https://doi.org/10.1016/j.ijheatmasstransfer.2023.124562
https://doi.org/10.1016/j.ijheatmasstransfer.2018.11.136
https://doi.org/10.1016/j.ijheatmasstransfer.2022.123623
https://doi.org/10.1016/j.ces.2018.05.002
https://doi.org/10.1016/j.ijheatmasstransfer.2023.125166
https://doi.org/10.1016/j.measurement.2017.05.042
https://doi.org/10.1016/j.xcrp.2021.100382
https://doi.org/10.1016/j.applthermaleng.2023.120558
https://doi.org/10.1016/j.applthermaleng.2025.127220
https://doi.org/10.1016/j.dib.2023.109793
https://doi.org/10.1016/j.expthermflusci.2020.110162
https://doi.org/10.1016/j.jeurceramsoc.2025.117673
https://doi.org/10.1016/j.nucengdes.2018.02.027
https://doi.org/10.1016/j.icheatmasstransfer.2021.105675
https://doi.org/10.1016/j.ultras.2025.107620
https://doi.org/10.1016/j.ijheatmasstransfer.2019.04.029
https://doi.org/10.1016/j.apacoust.2017.11.006
https://doi.org/10.1016/j.rockmb.2025.100221
https://doi.org/10.1021/acsami.5c11300
https://www.mee.gov.cn/xxgk2018/xxgk/xxgk01/202412/t20241226_1099413.html
https://www.mee.gov.cn/xxgk2018/xxgk/xxgk01/202412/t20241226_1099413.html
https://doi.org/10.1016/j.cej.2025.161081
https://doi.org/10.1016/j.ijthermalsci.2019.106154
https://doi.org/10.1016/j.heliyon.2024.e37935
https://doi.org/10.1080/10408398.2023.2258392
https://doi.org/10.1109/TKDE.2019.2946162
https://doi.org/10.1109/TNNLS.2022.3190448


Pharmaceuticals 2025, 18, 1556 28 of 28

43. Zhang, W.; Cheng, D.; Lu, G.; Zhou, B.; Li, J.; Zhang, S. Efficient Adaptive Label Refinement for Label Noise Learning.
Neurocomputing 2025, 639, 130305. [CrossRef]

44. Smeliansky, R.L.; Stepanov, E.P. Machine Learning to Control Network Powered by Computing Infrastructure. Dokl. Math. 2024,
109, 183–190. [CrossRef]

45. Liang, Y.; Hu, Z.; Li, K. Power Consumption Model Based on Feature Selection and Deep Learning in Cloud Computing Scenarios.
IET Commun. 2020, 14, 1610–1618. [CrossRef]

46. Liu, D.; Yu, H.; Chai, Y. Low-Power Computing with Neuromorphic Engineering. Adv. Intell. Syst. 2021, 3, 2000150. [CrossRef]
47. Wang, Y. Research for Flow Field and Noise Source Characteristics of Valve in Steam Pipe. Master’s Thesis, Harbin Engineering

University, Harbin, China, 2011.
48. Pandey, H.; Mehrabi, H.; Williams, A.; Mira-Hernández, C.; Coridan, R.H.; Hu, H. Acoustic Sensing for Investigating Critical

Heat Flux Enhancement during Pool Boiling on Electrodeposited Copper Foams. Appl. Therm. Eng. 2024, 236, 121807. [CrossRef]
49. Periodogram—Periodogram Power Spectral Density Estimate—MATLAB. Available online: https://www.mathworks.com/

help/signal/ref/periodogram.html (accessed on 9 July 2025).

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.1016/j.neucom.2025.130305
https://doi.org/10.1134/S106456242470193X
https://doi.org/10.1049/iet-com.2019.0717
https://doi.org/10.1002/aisy.202000150
https://doi.org/10.1016/j.applthermaleng.2023.121807
https://www.mathworks.com/help/signal/ref/periodogram.html
https://www.mathworks.com/help/signal/ref/periodogram.html

	Introduction 
	Results 
	Relationship Between AE Signal and Boiling Behavior in Pure Water 
	Stage-Wise Correlation Analysis Between AE Signals and Boiling Behavior During the Aqueous Extraction of Different Herbs 
	Characterization of Boiling by “Signature Frequency” 
	Characterization of Boiling by Multivariate Statistical Analysis 
	Characterization of Boiling by BoilStart 

	BoilStart Predictive Capability Evaluation 
	Extraction System Mass 
	Heating Medium Temperature 

	Application of BoilStart in Dabuyin Wan 

	Discussion 
	Advantages of BoilStart 
	Influence of Herb Characteristics on AE Signals 
	Hotelling’s T2 for AE Monitoring 
	Limitations and Future Work 

	Materials and Methods 
	Selection of Experimental Medicinal Materials 
	Experimental Setup 
	Performance Evaluation of BoilStart 
	Data Analysis 
	Data Pre-Processing 
	Multivariate Statistical Analysis 
	BoilStart 


	Conclusions 
	References

