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ABSTRACT

Extraction unit operation is the first step in traditional Chinese medicine (TCM) product manufacturing,
and it is crucial in determining the quality of the produced medicine. However, due to a lack of effective
multimodal monitoring and adjustment strategies, achieving high quality and efficiency remains a chal-
lenge. In this work, we proposed an artificial intelligence (Al)-based robot platform for the multi-
objective optimization of the extraction process. First, a perception intelligence method for multimodal
process monitoring was established to track active ingredient transfer and production changes during
the extraction process. Second, a digital twin model was developed to reconstruct the field information,
which interacted with real-time monitoring data. Furthermore, the model performed real-time inference
to predict future production process states by using the reconstructing information. Finally, according to
the predicted process states, the autonomous decision-making robot implemented multi-objective opti-
mization, ensuring efficient process adjustments for global optimization. Experimental and industrial
results demonstrated that the platform could effectively infer component transfer dynamics, monitor
temperature variations, and identify boiling states, ensuring product quality while reducing energy con-
sumption. This pharmaceutical robot could promote the integration of Al and pharmaceutical engineer-
ing, thereby accelerating the iterative development and improvement of China’s pharmaceutical industry.
© 2025 THE AUTHORS. Published by Elsevier LTD on behalf of Chinese Academy of Engineering and
Higher Education Press Limited Company. This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/).

1. Introduction

dynamic changes in multi-dimensional information [3]. Specifi-
cally, factors such as variations in raw materials, the transfer of

The traditional Chinese medicine (TCM) industry is a significant
part of China’s pharmaceutical economy, contributing to economic
development and social security [1]. Despite significant potential
and advantages, the TCM industry still faces severe challenges
and requires technological innovation to drive its development
[2]. The production process of TCM remains complex, involving
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active ingredients, changes in production states, the distribution
of temperature fields, and fluctuations in the production environ-
ment exert influence on the TCM production process. However, it
remains challenging to measure certain unobservable factors, such
as the boiling state, during the TCM extraction process. This
technological gap results in an insufficient understanding of the
variation patterns of the production process, hindering the
decision-making and precise implementation of process optimiza-
tion. As a result, issues such as difficulty in controlling product
quality stability, low production efficiency, and the inefficient use
of raw material resources remain.
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Therefore, it is necessary to construct a perception intelligence
method for multimodal process monitoring. According to the mon-
itoring data, the pharmaceutical process patterns can be extracted
by establishing a process digital twin model to guide multi-
objective optimization. The TCM production process involves vari-
ous types of data sources. For example, online near-infrared (NIR)
spectroscopy can be used to characterize changes in components
[4]. Meanwhile, machine vision technology can visualize the pro-
cess state [5], and mechanistic modeling technology can establish
a relationship between the critical quality attributes (CQAs) and
critical process parameters (CPPs) [6]. Furthermore, based on mul-
timodal data, the state of the production process can be accurately
predicted to facilitate efficient process regulation and achieve glo-
bal optimization. Finally, decision-making and control can be car-
ried out by integrating multiple objectives, including product
quality, production efficiency, and energy consumption.

TCM extraction is a crucial stage in TCM production, serving as
one of the key steps affecting the transfer of active ingredients
from raw materials to extracts, and ultimately determining the
clinical efficacy and quality consistency of the medicine produced
[7,8]. However, the extraction process of TCM faces several chal-
lenges, including low efficiency, high energy consumption, and
unstable product quality. First, due to a lack of advanced multi-
modal monitoring methods, the temperature field, boiling states,
and component transfer cannot be monitored in real time, with
these parameters directly affecting product quality. Second, cur-
rent control strategies mainly use the temperature-based control
strategy. When the extraction process reaches the boiling stage,
the system’s temperature will remain nearly constant and
temperature-based control strategies will no longer be effective
in maintaining an appropriate boiling state. Third, the extraction
of effective components must be monitored and optimized accord-
ing to the boiling state. Therefore, it is necessary to develop a phar-
maceutical robot platform with capabilities of perception,
cognition, optimization, and decision-making to address existing
issues such as limited process visibility, ineffective data utilization,
and insufficient control mechanisms.

The rapid advancement of the technological revolution and
industrial transformation have brought new opportunities for the
iterative upgrading of technology in the TCM industry. Building
on the potential of new technology, addressing the specific chal-
lenges in TCM manufacturing requires the integration of multiple
advanced technologies. A promising solution involves developing
an intelligent process optimization robot platform that can com-
bine machine vision, digital twin technology [9], multi-objective
optimization [10], and artificial intelligence (AI) [11]. The integra-
tion of these technologies facilitates the timely monitoring of key
material attributes and process parameters, and supports intelli-
gent decision-making, enabling the efficient control of the extrac-
tion process and ensuring consistent product quality while also
reducing energy consumption. In this study, a digital twin model
of the extraction process was constructed, and the model continu-
ously synchronized with the physical process to effectively moni-
tor key process parameters. Based on the digital twin model, a
multi-objective predictive control strategy for the extraction pro-
cess was developed to handle parameter fluctuations and uncer-
tainties. Initially, a state space of reinforcement learning was
constructed within the extraction tank, focusing on the transfer
of energy and material components during the extraction process.
This state space took into account several system inputs, namely,
the content of material components in the feed, the ambient tem-
perature, and the steam pressure. Equipped with this information,
a robot was capable of adjusting the opening of the steam pressure
control valve in real time to achieve optimal control over both the
boiling state and CQAs. This approach combined intelligent algo-
rithms with pharmaceutical engineering to drive the development
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of Al for pharmaceutical engineering. Our contributions were
threefold.

(1) An Al-based pharmaceutical robot platform for the TCM
extraction process was established.

(2) An industrial perception intelligence approach was pro-
posed for the multimodal monitoring and state inference of the
TCM extraction process.

(3) An intelligent strategy for decision-making and multi-
objective optimization was implemented.

The structure of this paper is organized as follows: Section 2
discusses the framework of the Al-based pharmaceutical robot
platform, Section 3 details the proposed method, Section 4 pre-
sents the experimental results and a comparative analysis, and
the conclusions and future work are discussed in Sections 5 and 6.

2. Al-based pharmaceutical robot platform

This study proposed an Al-driven pharmaceutical robot frame-
work for the TCM extraction process. As shown in Fig. 1, the frame-
work consisted of three core components: multimodal monitoring,
process state prediction, and multi-objective process optimization.

First, the online monitoring module utilized online sensors to
collect real-time information on the quality of raw materials, the
components of the extract, and state of the process. Second, the
knowledge reasoning module was based on the established com-
putational model and real-time data, used to assess and predict
the current production state and its trend. Prediction algorithms
and data analysis techniques were employed to monitor equip-
ment status in real time, forecast process changes, evaluate pro-
duction progress, and predict key indicators such as the
extraction end-point and energy consumption.

Collaborative optimization decision-making uses online mea-
surements and process prediction data to perform multi-
objective process optimization. Therefore, optimization algorithms
and deep reinforcement learning (DRL) were used to comprehen-
sively evaluate and optimize various process adjustment paths,
generating optimal decision schemes for efficient and high-
quality production control.

2.1. Multimodal monitoring

Multimodal monitoring typically includes several components.
Near-infrared hyperspectral imaging (NIR-HSI) was used to quickly
detect the active components and moisture content of raw materi-
als before feeding, estimating the maximum solubility of quality
control components in the extract. Further, during extraction, an
NIR method was employed to monitor the dissolution of quality
control components in the extract. In addition, a machine vision
monitoring system was installed at the top of the extraction tank
to visually analyze the extraction process and prevent excessive
boiling that could affect product quality. At the same time, a digital
twin model was used to establish relationships between critical
material attributes (CMAs), CPPs, and CQAs.

2.2. Process state prediction

The TCM production process is typically characterized by high
complexity and variability, making real-time assessment of the
process state essential. To achieve this, we proposed a production
state prediction method based on multimodal data integration.
First, data on equipment status, process parameters, and environ-
mental conditions were continuously collected through online sen-
sors. These data, together with the computational results from the
model described in Section 2.1, were processed using edge com-
puting to provide real-time predictions of the production state
and key quality indicators. This approach enabled the early detec-
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Fig. 1. Framework of Al-based pharmaceutical robot platform. The robot platform includes three modules: multimodal monitoring (Module 1), process state prediction
(Module 2), and multi-objective process optimization (Module 3). The multimodal data obtained in Module 1 serves as the data foundation for process modeling in Module 2.
Subsequently, Module 2 utilizes this data to predict future states, thereby enabling intelligent process perception and further guiding multi-objective optimization in Module

3. DTS: distributed temperature sensing; HSI: hyperspectral imaging.

tion of temperature and boiling trends, potential equipment fail-
ures, and energy consumption levels. For example, during the heat-
ing stage of the extraction process, the model reconstructed the
temperature distribution based on variations in ambient tempera-
ture and heating power input, allowing it to predict future temper-
ature trends. The predicted values were continuously compared
and calibrated with real-time measurements from temperature
sensors installed on the extraction tank, ensuring synchronization
between the virtual model and physical process. Similarly, in the
boiling stage, the model predicted the boiling behavior of the
extraction liquid. These predictions were validated by comparing
them with real-time data obtained from a machine vision system,
enabling the accurate monitoring and control of the boiling state.

2.3. Multi-objective optimization decision-making

In the TCM production process, multi-objective collaborative
optimization is considered crucial for achieving efficient and
high-quality production. Based on the process adjustment paths
obtained through production process prediction, optimization and
decision-making were conducted to address varying production
environments and multiple production goals. The proportional-
integral-derivative (PID) method was used to control the heating
process and the steam valve opening after boiling. During the boil-
ing control stage, a state space including the extraction time and
energy consumption was constructed. DRL algorithms were subse-
quently employed within this state space to optimize quality con-
trol components and energy consumption in the extraction
process, to achieve optimal balance among the different objectives.
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3. Experimental methods
3.1. Multimodal monitoring model for perception intelligence

3.1.1. Monitoring of active component content in raw materials

The quality of raw materials directly affects the quality and effi-
cacy of Chinese medicine preparations [12]. Therefore, the quality
monitoring of raw materials serves as an essential part of the pro-
duction process of TCM. The traditional quality monitoring method
involves dividing the raw materials into different batches accord-
ing to factors such as origin and date, followed by sampling the
set in each batch to reflect the overall level of raw materials. How-
ever, this method can cause inaccurate quality evaluation. There-
fore, finding a method to realize the fast and non-destructive full
inspection of raw materials is crucial for the development of the
TCM industry.

NIR-HSI is an emerging detection technology [13], where the
image of the inspection object and NIR spectral information can
be acquired simultaneously to capture the intensity and depth
information of light [14]. This method realizes the three-
dimensional analysis of the substance, which can be examined
by identifying the target area information and determining the
region of interest (ROI) of the hyperspectral information. This
serves as an efficient detection method that is suitable for practical
production processes. In this study, NIR-HSI was applied to the
production of TCM, and a rapid detection model was established
for the target components in the raw materials. The rapid and non-
destructive full inspection of raw materials was subsequently
realized.
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In this study, the hyperspectral imaging system consisted of a
SPECIM FX17 line-scan hyperspectral camera (SPECIM, Finland),
covering a spectral range of 900-1700 nm. The camera was
equipped with an indium gallium arsenide (InGaAs) detector, pro-
viding an average spectral resolution of 8 nm. Illumination was
provided by halogen tungsten lamps positioned at a 45° incident
angle. A motorized stage was used for controlled sample place-
ment and movement during scanning.

In the experiment, the raw materials were placed on a conveyor
belt and passed through the NIR-HSI detection area, where each
batch was quickly identified and the target ingredient content
was accurately measured to ensure compliance with quality stan-
dards. Hyperspectral data were acquired using Lumo Scanner soft-
ware. A total of 143 hyperspectral images of raw materials were
collected. The active ingredient content of each batch was deter-
mined using high-performance liquid chromatography (HPLC) as
the reference measurement. A detailed description of the data
analysis procedure was given in Section S1 in Appendix A.

3.1.2. Online NIR spectroscopy-based component transfer monitoring

In practice, a fixed extraction time is often used to ensure the
content of the target product. However, this practice can lead to
differences in the content of the target product when faced with
different feed materials each time. In this study, NIR spectroscopy
was applied throughout the extraction process. After data prepro-
cessing using standard normal variate transformation (SNV) and
competitive adaptive reweighted sampling (CARS) algorithms
[15,16], a mapping model of target components and spectral infor-
mation was constructed. In addition, online detection equipment
was developed to monitor the target product online during the
whole process. The real-time response was recorded to determine
changes in target product content, which served as the basis for
determining the extraction endpoints.

NIR spectral data were acquired using an Ocean Optics NIR
spectrometer (Ocean Optics, USA), and a total of 180 NIR spectral
data of samples were collected. The active ingredient content of
each batch of samples was determined using HPLC as a reference
measurement. The dataset was randomly divided into training
and prediction sets at a ratio of 7:3, and five-fold cross-validation
was performed on the training set.

The data analysis method used in this subsection is described in
detail in Section S2 in Appendix A. SNV and multivariate scattering
correction (MSC) algorithms were used for spectral pre-processing
and a comparison of prediction accuracy before and after pre-
processing, respectively. To improve the model performance, the
genetic algorithm (GA) and the CARS algorithm were used for fea-
ture selection. To predict the content of active ingredients, a partial
least squares regression (PLSR) model was used. The root mean
square error (RMSE) and coefficient of determination (R?) between
the predicted and reference values were also used to evaluate
model performance.

3.1.3. Distributed temperature sensing (DTS)-based temperature field
monitoring

Due to the large volume of the extraction vessel, a spatial tem-
perature gradient can easily develop, leading to uneven heat distri-
bution. To investigate the temporal changes in temperature
distribution within the extraction solution under different environ-
mental temperatures and heating conditions, a distributed fiber-
optic measurement system was deployed in the extraction vessel.
Fiber-optic temperature sensing was used to conduct real-time
measurements of the effective thermal conductivity (Ke¢) in the
mechanistic model. The DTS system updated temperature data
every 30 s with a spatial resolution of 0.15 m. High-temperature-
resistant optical fibers were used to measure the temperature
inside the extraction vessel.
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During production, solvent was added to the vessel and heated
to boiling, as required by the process. The temperature data were
collected and recorded during the heating process from room tem-
perature to boiling. The solvent was then drained and refilled, and
the experiment was repeated under modified steam pressure con-
ditions for wall heating. The temperature data were recorded again
during this second heating process.

3.1.4. Machine vison-based boiling state monitoring

In production, operators typically determine the current boiling
state based on the density and fluctuations of foam on the surface
of the extraction liquid. Especially after the extraction liquid
reaches the boiling stage, temperature changes will tend to stabi-
lize, making it unsuitable to use temperature variation as a control
strategy during this phase. To address this issue, we required oper-
ator expertise to identify different boiling states. We developed a
boiling state recognition model using machine vision technology
that relied on surface conditions as indicators. This model helped
to optimize process control and reduce dependence on human
intervention.

In this section, a boiling state recognition model was con-
structed using convolutional neural network (CNN)-long short-
term memory (LSTM) architecture [17]. The CNN was responsible
for extracting spatial features from images of the liquid surface,
such as the foam density and wave patterns. These spatial features
were then fed into the LSTM network, which captured the tempo-
ral dependencies and dynamic behaviors of the boiling process.
This combined CNN-LSTM model enabled the accurate recognition
of different boiling states based on the visual characteristics of the
liquid surface. In the training process, a training dataset consisting
of 3805 samples was used for model training, with a 6:4 ratio for
splitting the data into training and testing sets. The CNN model
employed a pre-trained ResNet architecture, using Adam optimizer
and a learning rate of 0.01. The LSTM network utilized a hidden
layer size of 16.

3.2. Digital twin-based state prediction

In this section, the model-based method for predicting the
future state of the extraction process was introduced. As illustrated
in Fig. 2, based on multi-dimensional monitoring data, the model
could predict the boiling states and temperature variations.

3.2.1. Boiling state prediction of the extraction process

In the boiling state prediction, heating wall power and ambient
temperature were used as inputs to calculate the temperature dis-
tribution in the flow field at different times, as well as steam gen-
eration and upward movement, resulting in the output of
multiphase flow and multimodal transfer phenomena during
extraction. The DTS measurement data from Section 3.1.3 were
used to determine the convective heat transfer term under the
simultaneous conditions of external circulation and thermal con-
vection. The boiling experiment data were used to determine the
gas-liquid phase transition rate. The simulation was solved using
a coupled pressure-velocity algorithm, and the momentum, vol-
ume fraction, and mass transfer equations of matter were pro-
cessed in a first-order windward format. The continuity equation
is given by:

) + ¥ (ran) -

(M
where 2 is partial derivative with respect to time, m,;; denotes the
source of mass transfer from the species on the phase to the species
on the phase, o, is the volume fraction of the phase, p, is the den-

sity of the phase, and uq is the velocity field.
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The momentum equation is given by:

0
ot (o‘qpquq) + V(% (PUiqliq))

(2)
=—0Vp+V: (uchueff,q (v”q + (V”q)T)> +Ugpg +Fi

where p is the static pressure, i , is the effective dynamic viscos-

ity, vq is the phase velocity vector, T is the transpose operator, pg

and F; signify the gravitational volume force and the force between

the two phases and p is the mixture density.

The energy equation is represented by:

2 <ocqpqE> +V. (ocqpqqu) =V - (KerVT) +S 3)
where E is the energy, T is the temperature, and S represents a
source or sink term.

During the heating stage, the temperature data collected by
temperature probes inside the extraction tank were used for
real-time validation of the simulated temperature data. During
the boiling stage, a machine vision-based model was developed
to detect the boiling state of the extract, allowing data collection
to verify the boiling state in real time against the simulated steam
boiling data.

3.2.2. Temperature field reconstruction of the extraction process

According to the DTS monitoring data, this subsection intro-
duced a temperature field reconstruction method. The method
enabled the rapid, real-time computation of temperature distribu-
tions, overcoming the computational inefficiencies associated with
traditional computational fluid dynamics (CFD) methods for large-
scale spaces. The data collection procedure was described in Sec-
tion S3 in Appendix A.

To efficiently and accurately simulate and predict the heating
process of water inside the extraction tank, a physics-based heat-
ing model was developed. This model focused on the calculation
of the dimensionless number Nu, and by utilizing the Nu value, it
enabled the precise reconstruction of the temperature field.
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Using the finite volume method, the fluid domain was divided
into several control volume elements. Energy conservation calcula-
tions were performed within each control volume element, yield-
ing the following:

Q — C-miATt (4)
Q = Kegr xA % AT (5)
Kegr =200 (6)

where Q represents the energy change per second, C denotes the
specific heat capacity, m is the mass, AT, is the temperature differ-
ence between the current moment and the next moment, A denotes
the heat transfer area perpendicular to the direction of heat trans-
fer, AT is the temperature difference between neighbouring con-
trollers, 4 is the thermal conductivity of water, and d represents
the characteristic length of the fluid.

Finally, the change in temperature field inside the extraction
tank was simulated using the following temperature prediction
equation:

%y Nuj;t-Qy;

Teirij=Teij+ Cp v

(7
where Q;; is the heat flux, p;; is the density, and V is the volume.

The model was implemented using Python programming, to
accurately calculate the dimensionless number Nu within the
extraction tank and predict the temperature evolution through
its inversion. During the modeling process, the finite volume
method was employed to discretize the fluid domain, and numer-
ical solutions were obtained by adhering to the principle of energy
conservation within each control volume element. By iteratively
solving the temperature prediction equation and utilizing the
high-precision Nu values, this model successfully captured and
precisely reproduced the dynamic temperature field changes
within the extraction tank. This model provided a solid theoretical
foundation and powerful computational support for optimizing the
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heating process and ensuring precise control, enabling highly intel-
ligent and fine-tuned regulation in industrial processes.

3.2.3. Energy consumption

The total energy consumption within the extraction tank con-
sisted of three components. This included the heating power of
the water inside the extraction tank, which was directly used to
increase the water temperature, heat loss through the tank walls,
and heat loss through the tank bottom, both of which primarily
represented energy transfer to the surrounding environment
through the tank’s surface. A detailed description of the energy
consumption states during the extraction process is provided in
Section S4 in Appendix A.

The heating power of the water inside the extraction tank could
be calculated by the sum of the heat from each micro-element,
with the total heating power of the water given by:

i=250,j=70 C-m;;-AT,
Qwater = E;:() J:{) # (8)

At the bottom of the extraction tank, heat loss primarily
occurred through two mechanisms: convective heat transfer and
radiative heat transfer. Convective heat transfer refers to the pro-
cess of transferring heat from the tank bottom to the surrounding
environment, with its efficiency influenced by the movement of
fluids and the temperature difference. Radiative heat transfer
occurred through electromagnetic waves, where the tank bottom
emitted infrared radiation to the surroundings, transferring heat
without the need for a material medium. These two modes of heat
transfer worked together to determine the total heat loss from the
tank bottom.

By combining the convective heat transfer coefficient and radia-
tive heat transfer coefficient, the total heat loss rate could be
expressed as:

Q = orSw(Tw — Tp) 9)

where o represents the combined convective-radiative heat trans-
fer coefficient, S,, is the outer surface area of the wall, T, is the wall
temperature, and T, is the ambient temperature. Under natural con-
vection conditions in air, the heat loss power from the bottom could
be obtained by:

Qbottom = [9-4 +0.052(Tw — Tp)|Sw(Tw — Tp) (10)

The calculation of the heat loss power from the sides was the
same as that for the bottom heat loss power:

Qside

where S, is the lateral wall area, T, is the lateral wall temperature,
and Ty, is the lateral ambient temperature.

The total energy consumption was the sum of the heating
power of the water, the bottom heat loss power, and side heat loss
power:

=19.4+0.052(T,, — Tp)|Sc(T}, — T}) (11)

Q = Qwater + Qbottom + Qside (]2)

By predicting the heating process, early control could be imple-
mented to reduce thermal shock, thereby leading to energy sav-
ings. The amount of energy saved could be calculated by:

AQconsumption = Qtrue - Qprediction (]3)

By accurately predicting the heating process, effective energy
management and savings could be achieved. With an understand-
ing of temperature trends in advance, the control system could
adjust the heating power in a timely manner, preventing overheat-
ing and unnecessary energy waste. This proactive control not only
reduced heat loss but also improved energy efficiency. The amount
of energy saved could be quantified by analyzing the difference
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between actual energy consumption and predicted energy needs,
helping to further optimize operational processes, reduce running
costs, and minimize environmental impact. This highlighted the
crucial role of intelligent control in energy conservation and emis-
sion reduction.

3.3. Predictive control for precise extraction

In the TCM extraction process, both product quality and energy
consumption are considered critical optimization objectives. Qual-
ity control focuses on monitoring the concentration of key active
components during production, while energy control can evaluate
the total energy consumed. Because the concentration of these
active components in the extract directly affects the quality of
the final product, achieving precise control over this parameter is
essential. Typically, the concentration of active components
increases with prolonged extraction time; however, the rate of
increase will slow down as the process progresses. Hence, both
the dissolution rate and its acceleration will decline over time.
Meanwhile, energy consumption will continue to increase approx-
imately linearly with extraction duration. Therefore, it was neces-
sary to balance the extraction time, component concentration
trends, and energy consumption to maximize the yield of active
components while minimizing energy usage. As illustrated in
Fig. 3, the TCM extraction process consisted of two stages: the
heating stage and boiling stage. During heating, the liquid temper-
ature increased continuously with energy input until reaching the
boiling point, triggering the transition to the boiling stage. In the
boiling stage, the liquid maintained its boiling temperature, and
continuous energy input sustains gas-liquid phase transitions.
During this stage, the dissolution rate of active components
increased with temperature but gradually decreased as the compo-
nent concentration in the solution rose. Consequently, the control
objectives differed between the heating and boiling stages, requir-
ing stage-specific predictive control strategies to optimize both
quality and energy efficiency.

3.3.1. Predictive control for heating process

The heating process control strategy was developed to address
two major objectives: to accelerate heating and reduce the heating
time, and to predict the boiling point accurately, ensuring smooth
transition from heating to boiling to prevent thermal shock. This
approach helped to maintain stable control of the normal boiling
state during the subsequent boiling stage. The heating process
was modeled using the initial temperature of the material solution,
the heating steam pressure, and the ambient temperature as sys-
tem inputs to reconstruct the temperature field. Key temperature
features were extracted, and their partial derivatives with respect
to time were calculated to form the core control equation. By ana-
lyzing the influence of ambient temperature and steam pressure on
heating energy, an adaptive control strategy was implemented,
where the valve opening first increased and then gradually
decreased. This approach reduced control lag and minimized its
impact on the subsequent boiling stage.

3.3.2. Predictive control for boiling process

The primary objectives during the boiling process were twofold.
The first was to maintain the normal boiling state of the extraction
process, while the second was to predict the endpoint of the
extraction time. To achieve the first objective, a real-time compu-
tational system based on a digital twin model was employed to
evaluate the current boiling state of the material solution. This
evaluation considered both the ambient temperature and the
steam pressure supplied by the utility system. A machine vision
system captured visual features of the actual boiling state, which
were then compared to the simulated boiling state generated by
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Fig. 3. Structure diagram of the multi-objective predictive control method. RL: reinforcement learning.

the digital twin model. This comparison established a correlation
between the valve opening, steam pressure, and the resulting boil-
ing state. Using edge computing, the required valve opening to
maintain the target boiling condition was determined. Once the
valve opening reached the calculated target value, the machine
vision system monitored the system to confirm whether a stable
boiling state was achieved, thereby enabling closed-loop control
of steam pressure. To achieve the second objective, the time
derivative of the active component concentration in the extraction
solution, obtained through interpolation, was used as a control
parameter. This parameter was combined with heating energy
consumption data to define the state space of the boiling process,
supporting the precise prediction of the extraction endpoint.

To realize the second control objective, we developed a predic-
tion model for the extraction endpoint based on DRL. DRL is a
method that combines deep neural networks with reinforcement
learning, with the main idea involving learning by doing. The agent
acted in a simulated environment, received feedback, and updated
its policy through a neural network. As a result, this process helped
the agent learn how to achieve the best outcome in different situ-
ations. The training process of DRL involved three elements: state,
action, and reward function.

Subsequently, the state space of the boiling process was con-
structed, which included the time derivative of quality control
component (9/9t). This was calculated by the real-time monitoring
of the concentration of quality control components in the material
solution. An interpolation method was used to compute its time
derivative, reflecting the change rate of the extraction process.
Heating energy consumption (W) recorded the cumulative energy
consumed during the heating process and served as an important
indicator of extraction efficiency. Based on the above state space,
a deep Q-network (DQN) architecture [18] was designed. The
action a; involved decisions to adjust the extraction time, specifi-
cally to continue or terminate extraction. The reward function R
was designed to balance the extraction rate and energy
consumption.

The state space was defined as:

se = [t, Y(t), W(1)] (14)
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where s; is the state space of the boiling process, and Y(t) is the
extraction rate.

The action a; involved decisions to adjust the extraction time,
specifically to continue or terminate extraction:

a; € {At} (15)

The reward function R was designed to balance the extraction
rate and energy consumption and was defined as:

R(se,ar) = o0 x [Y(+ Af) — Y(£)] — B x [W(t+ At —W(t)]  (16)

In this reward function, the agent was incentivized to continue
extraction when there was a significant improvement in the
extraction rate, as indicated by the positive term o x AY. To avoid
excessive energy consumption, a penalty term —pBx AW was
included in the reward function, o and p are the hyperparameters.

4. Experimental results
4.1. Results of the multimodal monitoring method

4.1.1. Online monitoring of CQA in the raw materials

In this study, NIR hyperspectral data from 143 batches of raw
materials were collected to establish a prediction model for the
content of target ingredients. The you only look once (YOLO) algo-
rithm was applied to extract pixel-level NIR data from the detec-
tion area [19]. MSC was performed to eliminate any systematic
errors caused by different scattering levels. To improve the model
performance and reduce the consumption of computational
resources, the successive projections algorithm (SPA) [20] was
used to filter the data. The algorithm utilized projection analysis
of vectors to compare the size of projection vectors to filter out
the best combination of feature variables, effectively reducing the
dimensionality of computational data. The random forest algo-
rithm was used to fit the spectral data to the true values of the tar-
get ingredient content, thereby completing the predictive
modeling of active ingredients in raw materials [21]. Notably, all
of the algorithms were selected based on extensive comparative
evaluation, ensuring that the final model achieved the best predic-
tion performance to a certain extent. As shown in Fig. 4(a), the
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Multimodal monitoring method for TCM extraction process
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RMSE and the R? of the predicted and actual values were used for
the final evaluation of the prediction model. The results showed
that RZ was 0.9034 in the cross-validation set, R3 was 0.8346 and
RMSEp was 0.0011 in the prediction set. These results demonstrated
that the proposed model could accurately predict the active ingredi-
ent content in raw materials for production applications.

4.1.2. Online monitoring of CQA in extracts

For the monitoring of target components during the extraction
process, NIR, similar to hyperspectral imaging, was used to con-
struct a prediction model using spectral data preprocessing, fea-
ture band screening, and regression fitting. The construction
method of the optimal prediction model was determined by com-
paring the effects of different prediction models. Similarly, to eval-
uate the prediction effect of the model, the model still used two
indicators, RMSE and R?, for computational evaluation. In addition,
the R? in both the cross-validation set and the prediction set was
greater than 0.9, which verified the reliability of the prediction
accuracy of the model.

The online NIR spectroscopy monitoring process is shown in
Fig. 4(b), in the form of an upper and lower computer. The pro-
gram was designed to achieve efficient data communication and
control, and improve the flexibility and reliability of the system.
The upper computer communicated with the lower computer
via an Ethernet connection. The lower computer adopted an
embedded system solution, using its own hardware resources to
realize data acquisition, analysis, and transmission. The system
automatically executed the inspection process every 30 min and
saved the inspection data. After completing all of the inspection
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tasks, the system conducted a self-check to clean up all of the
pipelines.

4.1.3. Temperature field monitoring

Data collected through the DTS system were used to select four
critical time points over the course of the first 90 min for detailed
analysis. These points were recorded at 30 min intervals.

Fig. 4(c) clearly shows significant unevenness in temperature
distribution during the heating phase of the extraction process.
Notably, the temperature at the bottom of the tank was signifi-
cantly lower than in other parts of the tank. This phenomenon
was primarily due to the heating method used in the extraction
tank. The tank employed side-wall heating, with the bottom heat-
ing function disabled. Furthermore, heat energy continued to dissi-
pate from the bottom, exacerbating the reduction in bottom
temperatures. These temperature distribution characteristics
aligned with the natural laws of heating methods and heat loss.
This indicated that our heating strategy required targeted adjust-
ments during practical operations to optimize temperature unifor-
mity and ensure the best possible extraction outcomes.

4.1.4. Online monitoring of boiling state

In this study, we developed an online process state recognition
model using video data. The model classification performance was
evaluated on the test set, achieving an accuracy of 99.74% and F,
score of 99.74%, indicating balanced performance across the differ-
ent classes. To further analyze the model’s performance, a confu-
sion matrix was constructed, as shown in Fig. 4(d). The confusion
matrix revealed the following class-specific results. For Class 5,
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precision reached 100% and recall was 99.74%, while for Class 2,
precision was 99.74% and recall reached 100%. Similar high-
performance metrics were observed for Class 3 and Class 4. These
results demonstrated that the model could effectively distinguish
between different states in video data, although minor confusion
between certain classes remained.

Overall, these results confirmed that the deep learning model
based on video data achieved high performance in process state
classification. However, there was still room for improvement,
especially in reducing misclassification between specific classes,
to further enhance classification accuracy and consistency.

The model was also successfully deployed in an industrial envi-
ronment, utilizing real time streaming protocol (RTSP) streaming
to acquire real-time video data from industrial cameras. The model
processed the video streams online and provided real-time predic-
tions of the fluidized state along with corresponding probability
scores. To assess the model’s practical applicability, the deploy-
ment was tested under various real-world conditions, demonstrat-
ing its capability to deliver timely and accurate state recognition,
which was essential for effective process monitoring and control.

4.2. Digital twin-based state prediction results

4.2.1. Prediction of boiling state during the boiling process

To simulate the actual production conditions of storage tanks,
this study focused on the boiling behavior at valve openings of
20%, 40%, 60%, and 80%, and detailed simulations were conducted
using modeling calculations. Physical experiments were per-
formed to measure the rising steam mass flow rate in the extrac-
tion tank, which was used to estimate the liquid-to-gas phase
change rate. In addition to valve opening simulations, numerical
simulations were carried out under six different heating power
conditions, with corresponding physical experiments conducted
for validation.

As shown in Fig. 5(a), the simulation results illustrated how the
boiling state stabilized under different heating powers. These set-
tings were designed to simulate the dynamic changes in valve
opening during actual production. In this study, the increase in
steam mass flow rate after boiling was selected as a key indicator
to validate the accuracy of the mechanistic model.

The results indicated that compared to the measured steam
mass flow rates in the actual production process, the prediction
errors of the numerical simulation remained within 10% under
the four valve opening conditions. Furthermore, for the six differ-
ent heating power scenarios, the prediction errors were within
13%. In addition, this study investigated the surface and gas-lig-
uid interface dynamics of boiling liquids. To further improve the

Volume fraction
cloud diagram
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reliability of the simulation, machine vision technology was
employed to identify boiling states and validate the simulation
results.

4.2.2. Prediction of temperature field during the heating process

To ensure the accuracy and applicability of the model, the
model was validated, with the validation results shown in Fig.
5(b), illustrating a comparison between the temperature rendering
of actual and predicted values. In the figure, the first row displays
the actual temperature values obtained through data collection,
while the second row presents the predicted values based on the
model calculations. Nine time points were selected, and a temper-
ature field from 0 to 80 min was rendered using Python’s built-in
Mayavi library, generating one image every 10 min. In these ren-
derings, the color variations were minimal, further confirming
the model’s accuracy. Additionally, by comparing the model’s pre-
dicted values with the actual data and calculating the RMSE
between them, the results showed that the RMSE values were very
small, ranging from a maximum of 0.0475 to a minimum of 0.0048.
This indicated a high level of agreement between the model pre-
dictions and the actual data, demonstrating the excellent accuracy
of the model.

4.3. Digital twin based multi-objective predictive control

In this section, we conducted a comparative analysis between
manual control strategies and developed intelligent control strate-
gies across three different batches of industrial tank systems in
terms of valve position management. Each batch consisted of three
tanks (Tank 1, Tank 2, and Tank 3), and was illustrated with time-
series graphs of actual valve positions versus those optimized by
intelligent control.

As illustrated in Fig. 6, compared to manual control, the intelli-
gent control strategies responded more rapidly and accurately in
valve adjustments. During the heating phase, intelligent control
utilized larger valve openings to rapidly bring the system to a boil-
ing point, followed by a timely reduction in valve openings to pre-
vent overheating, thereby ensuring a smooth transition to the
insulation phase. During insulation, intelligent control maintained
a lower valve opening to ensure continuous boiling, while signifi-
cantly reducing energy consumption. Furthermore, in industrial
applications, we investigated the impact of seasonal variations in
ambient temperature on energy consumption using a predictive
control strategy. Detailed comparison results are presented in
Table 1, covering three production batches. Each batch included
three parallel experiments to ensure the reliability of the results.
In these experiments, the ambient temperature and initial temper-
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Table 1
Comparison of energy consumption before and after process optimization.
Batch Tank Initial temperature Ambient temperature Unit energy consumption before Unit energy consumption after Savings
(°C) (°C) optimization (J) optimization (J) rate
1 1 39.9 303 4.87 x 108 417 x 108 14.30%
2 42.1 30.3 4.65 x 108 3.95 x 10° 15.08%
3 386 303 4.93 x 10® 423 x 10° 14.21%
2 1 40.9 20.2 4.47 x 108 3.83 x 108 14.18%
2 38.7 20.2 4.87 x 108 4.23 x 108 13.11%
3 323 20.2 5.61 x 108 4.96 x 10° 11.43%
3 1 353 -0.2 5.14 x 108 4.71 x 108 8.38%
2 38.1 -0.2 5.02 x 108 4.59 x 108 8.54%
3 32.1 -0.2 5.65 x 108 522 x 108 7.54%

ature of the solvent were considered as key influencing factors. By
comparing steam consumption before and after optimization, we
observed significant energy-saving potential using the predictive
control approach. Specifically, the energy savings rates across dif-
ferent batches consistently ranged between 7.54% and 15.08%.
The cause of this phenomenon was because the current production
control strategy was fixed. At lower room temperatures, heat loss
was higher, and the additional heat input into the system was used
to compensate for the heat loss caused by the low temperature.
Therefore, the same control strategy resulted in a lower energy loss
rate in winter, and the effect of predictive control on energy con-
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sumption improvement during the winter production process
was relatively small. In contrast, during the summer, the room
temperature was higher, heat loss was lower, and under the same
production control strategy, the energy loss rate was higher. Pre-
dictive control could more effectively improve energy efficiency
in this case. Additionally, as shown in the table, when the ambient
temperature was lower, the energy consumption of Tank 3 was
higher. This was due to the fact that during the preheating stage
before production, the insulation performance of Tank 3 decreased
due to equipment aging, which affected the initial temperature of
the solvent.
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Overall, intelligent control strategies not only effectively miti-
gated the effects of ambient temperature fluctuations on produc-
tion processes, but also significantly enhanced energy efficiency.
These findings provided robust empirical evidence for the imple-
mentation of intelligent control systems in industrial applications,
demonstrating their potential in enhancing efficiency and reducing
operational costs.

5. Discussion

Here, an Al-based method for optimizing the TCM extraction
process was proposed. The method demonstrated initial success
in practical applications and potential for improving the extraction
process. However, despite its good performance in the current
experiments, this method still has some limitations and areas for
improvement that require further exploration.

First, the stability of the model in different production envi-
ronments should be further evaluated. TCM raw materials are
varied, each with different properties, and these differences could
affect how the model performs during the extraction process. In
addition, the type of equipment and production lines used may
influence the model’s effectiveness. Therefore, future research
should validate the model in a broader range of production envi-
ronments to ensure its robustness and adaptability across diverse
materials, process conditions, and industrial setups. Second, the
long-term stability of the model in industrial applications was
not fully addressed in this study. In real-world production, factors
such as equipment wear, changes in data distribution, and envi-
ronmental fluctuations could impact the model’s performance
over time. To address this, future work should explore strategies
for continuous model updating, periodic retraining, or the imple-
mentation of adaptive learning mechanisms to maintain long-
term reliability and effectiveness in dynamic industrial
environments.

Finally, in future research, we will aim to further enhance the
intelligence and automation of the TCM extraction process. Specif-
ically, we will focus on the development of a cyber-physical-social
system (CPSS), and the application of multimodal information for
process modeling. These initiatives will be used to enhance the
research and development of intelligent technologies in the phar-
maceutical manufacturing of TCM, ultimately driving a new era
of digital transformation in the industry. Building on the digital
twin framework, we plan to develop a CPSS for the TCM extraction
process. By integrating the feedback of operators, researchers, and
stakeholders, the CPSS will create a human-in-the-loop mechanism
that will help refine the extraction process [22,23]. This human-
centered integration will be crucial for handling anomalies, unex-
pected disturbances, and human judgment, which often plays a
critical role in ensuring the quality of TCM products. The CPSS will
also facilitate collaborative optimization, allowing for better inter-
action between digital models, physical processes, and operational
personnel, ultimately leading to a more robust and adaptive
extraction control strategy.

Another key direction for future research will be the use of mul-
timodal information to enhance the process modeling capabilities
of the digital twin. Recent advancements in transformer models
for multimodal information recognition offer promising opportuni-
ties for process modeling [24]. Transformers, with their encoder-
decoder structure based on global attention mechanisms, can
extract unified representations from diverse data sources [25].
We plan to leverage these capabilities to effectively fuse multi-
modal data, utilizing transformer-based models to derive robust
representations of the extraction process. This multimodal
approach will allow for more precise control, improved risk predic-
tion, and improved assurance during production.
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6. Conclusions

In this study, we proposed an Al-based pharmaceutical robot
platform to optimize the TCM extraction process. The robot plat-
form consisted of three key modules: multimodal monitoring, pro-
cess state prediction, and multi-objective process optimization.
Together, these modules enabled the intelligent process perception
of critical process parameters, accurate state prediction, and intel-
ligent control to maintain optimal extraction conditions. The
industrial application of the robot platform demonstrated an abil-
ity to ensure product quality, reduce energy consumption and
lower carbon emissions. Future work will focus on integrating
emerging technologies, such as large language models, autono-
mous agent architectures, and human-robot collaborative intelli-
gence. These advancements should enhance the platform’s
capabilities in processing unstructured domain knowledge,
improving knowledge representation, and supporting autonomous
decision-making in complex manufacturing environments. This
type of Al-based pharmaceutical robot will continuously evolve
to meet various demands of pharmaceutical production with wide
application prospects, thereby promoting the iterative improve-
ment of China’s pharmaceutical industry.
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