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Abstract: In response to the high cost and insufficient coordination of the
industrial chain in the utilisation of agricultural waste, this paper constructs an
optimisation scheme for the coordinated scheduling of biocatalysis and digital
twins. By screening heat-resistant B-glucosidase mutants and establishing
straw-enzyme adaptation rules, combined with microwave-ultrasonic
pretreatment and near-infrared (NIR), the conversion efficiency is improved.
The virtual industrial chain model integrates graph convolutional networks
(GCN) to predict raw material fluctuations, and improves the non-dominated
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sorting genetic algorithm II (NSGA-II) algorithm to achieve Pareto optimality
of transportation and equipment utilisation. Experiments show that the reducing
sugar yield of the mutant enzyme system reaches 90.2% in 72 h; the path
optimisation rate of the scheduling system exceeds 0.8 within 12 months, and
the equipment idle loss is controlled at 21,000-23,000 US dollars, which
significantly improves the efficiency of resource utilisation.

Keywords: agricultural waste; resource utilisation; industrial chain technology
path; economic feasibility; digital twin model; GCN; graph convolutional
networks; NSGA-II; non-dominated sorting genetic algorithm II.
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1 Introduction

The resource utilisation of agricultural waste is an important practical direction for the
circular economy and sustainable development. Biomass such as straw and fruit shells is
rich in cellulose, hemicellulose, and lignin, which can be used to prepare high-value-
added products, such as biofuels, organic acids, and functional materials through
biocatalysis (Groger et al., 2022; Hanefeld et al., 2022) and thermochemical conversion
(Jha et al., 2022; Choi et al., 2023). The optimisation of technology paths must consider
conversion efficiency, energy consumption control, and the coordination of the industrial
chain. Economic feasibility is affected by factors such as raw material collection costs,
process stability, and policy subsidies (He, 2024; Lama and Karmakar, 2025). In this
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context, systematic research on the technical integration and economic benefits of waste
resource utilisation is of key significance to promoting green manufacturing and
low-carbon agriculture.

Research on the resource utilisation of agricultural waste still faces multi-dimensional
challenges. In the biotransformation process, there is a significant difference between
enzyme catalytic efficiency and substrate compatibility. Existing enzymes have a limited
ability to degrade complex biomass structures. There is a lack of systematic guiding rules
for mutant screening, making it difficult for saccharification rates to break through the
industrial threshold (Mengqi et al., 2023; Peng et al., 2023a). The energy consumption of
the pretreatment process and the product inhibition effect form a technical paradox.
Although conventional physical and chemical methods can improve substrate
accessibility, the accumulation of byproducts inhibits the efficiency of subsequent
enzymatic hydrolysis (Capanoglu et al., 2022; Gupta et al., 2023). The bottleneck at the
level of industrial chain coordination is more prominent. The supply of raw materials is
highly heterogeneous in time and space. The existing scheduling models mostly rely on
static parameters and cannot dynamically respond to seasonal fluctuations and market
changes (Panasenko et al., 2022; Gupta et al., 2022). The trade-off between transportation
costs and equipment utilisation has not yet established a quantitative decision-making
mechanism, and empirical production scheduling has led to resource mismatch
(Phiri et al., 2023; Toma et al., 2024). In terms of economic evaluation, existing models
do not adequately consider the value of externalities, such as carbon trading revenue and
policy subsidies, and it is difficult for static financial analysis to reflect the actual
investment return cycle (Khanal et al., 2024; Khalid et al., 2023). The application of
digital technology is still at the stage of single-point optimisation. There is a lag in data
collection during the biological reaction process, and there is parameter drift between
virtual simulation and actual production. The prediction precision of the twin model is
limited by the ability to integrate multi-source heterogeneous data (Madhu et al., 2023;
Meraj et al., 2023). The optimisation efficiency of intelligent algorithms under complex
constraints is insufficient, and local optimal solutions cannot meet the coordination needs
of the entire chain. These factors jointly restrict the large-scale application and
commercial promotion of agricultural waste resource technology (Peng et al., 2023b;
Zhu et al., 2025).

This paper aims to construct a full-chain coordinated optimisation framework for the
resource utilisation of agricultural waste, breaking through the key bottlenecks of existing
technologies in terms of conversion efficiency, system integration, and economic
feasibility. The core contribution is to propose a ‘biocatalysis-digital twin’ dual-driven
strategy to achieve cross-level optimisation from the molecular scale to the industrial
scale. At the biotransformation level, an enzyme-substrate adaptation rule library based
on structural biology is established. The structure-activity relationship between the
supramolecular structure of cellulose and the enzymatic hydrolysis efficiency is analysed
through molecular dynamics simulation. A mutant enzyme system with directed
evolution characteristics is developed. The microwave-ultrasonic coupled field control
technology is innovatively applied and combined with online spectral analysis to build a
closed-loop feedback system for the pretreatment process, thus achieving dynamic
optimisation of reaction parameters. In terms of industrial chain coordination, a virtual
twin model with multi-dimensional parameters is constructed, integrating 37 key factors
in four modules: raw material properties, equipment operation, environmental constraints,
and market dynamics. Graph convolutional networks (GCN) are used to capture the
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spatiotemporal correlation features of the supply chain. An intelligent decision-making
engine based on a multi-objective evolutionary algorithm is adopted to establish a
quantitative balance mechanism between transportation costs, equipment utilisation, and
carbon emissions. The economic evaluation model breaks through the limitations of static
analysis, embedded with the carbon trading price fluctuation function and the policy
subsidy dynamic adjustment module. A full life cycle evaluation method that considers
the value of externalities is also proposed. The research results provide a system solution
that combines advanced biotechnology and digital intelligence for the high-value
utilisation of agricultural waste, promoting the circular economy model from the
laboratory to industrialisation.

2 Related work

Existing research has explored agricultural waste resource technology in multiple
dimensions. In bioconversion, some studies have improved the thermal stability of
cellulase through directed evolution technology to improve the efficiency of straw
saccharification (Zhang et al., 2022; Koksharov et al., 2022). Srivastava et al. (2024) used
alkali-pretreated orange peel waste for solid-state fermentation to optimise the yield of
fungal cellulase and achieve the highest enzyme activity under optimal conditions. Nickel
cobaltate nanoparticles improved the stability of the enzyme and the hydrolysis efficiency
of alkali-pretreated rice husks, showing potential for industrial application. The steam
explosion pretreatment process developed by some studies has increased the removal rate
of hemicellulose (Alizadeh et al., 2022; Pazitny et al., 2022). Semwal et al. (2024)
optimised the conditions for water- and dilute acid-assisted steam explosion treatment of
rice straw, which increased the glucose conversion rate and reduced enzyme
consumption. By controlling the temperature and adding dilute acid, the sugar recovery
rate and ethanol yield were increased, reaching up to 222 L/ton of rice straw. In terms of
industrial chain coordination, some studies have constructed a raw material collection
optimisation model based on a geographic information system (GIS) to reduce
transportation costs (Yalcinkaya and Uzer, 2022; Ali et al., 2023). Fawad et al. (2022)
combined the analytic hierarchy process and GIS methods to evaluate the suitability of
waste collection and disposal in the Mohmand marble area in Pakistan to reduce
ecological hazards and social concerns. He proposed that priority should be given to
protecting water bodies and agricultural land and to providing decision support for waste
management site selection. Existing research focuses on optimising a single link and
lacks a coordinated perspective of the entire chain. The performance improvement of
enzymes often ignores the compatibility with pretreatment processes. The application of
digital technology mostly stays in static scheduling (such as fixed transportation routes),
making it difficult to cope with real-time supply and demand fluctuations. The existing
scheduling models are mostly dependent on static parameter settings, which makes it
difficult to adapt to the spatial and temporal heterogeneity and dynamic fluctuation of
agricultural waste supply, and lack of effective support for multi-objective collaborative
optimisation. Economic feasibility studies often use static cost models, which do not fully
consider the value of externalities, such as carbon trading income, resulting in investment
return predictions that deviate from reality.
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In view of the limitations of enzyme performance and supply chain coordination,
recent studies have attempted to seek breakthroughs through interdisciplinary technology
integration. In biocatalysis, molecular docking technology is used to predict enzyme-
substrate binding energy (Aqvist and van der Ent, 2022; Zheng et al., 2023), and
microwave-ultrasonic coupled pretreatment can reduce energy consumption (Cai et al.,
2024; Li et al., 2023). In digitalisation, the digital twin technology has begun to be
applied to the dynamic control of bioreactors (Park et al., 2023; Hill et al., 2024), and
GCN neural networks have also been used for supply chain demand prediction (Tu et al.,
2024; Liang et al., 2025). Rui and Li (2024) proposed a hybrid model that integrates
GCN, long short-term memory (LSTM), and an attention mechanism. The accuracy of
supply chain demand prediction was improved by integrating internet big data. The
model optimised production planning and inventory management and reduced supply
chain risks. However, these methods still have key flaws. Enzyme screening lacks
substrate-specific adaptation rules, resulting in insufficient process stability. Digital
models mostly use simplified parameters (fixed raw material components), making it
difficult to reflect real production scenarios. Scheduling algorithms excessively pursue
local optimality and fail to achieve multi-objective balance. This paper innovatively
integrates biocatalytic modification and digital twin technology, and through the
establishment of a three-level collaborative optimisation system of “enzyme-process-
industry chain”, systematically solves the problem of collaborative improvement of
conversion efficiency and economic benefits.

3 Methods

Figure 1 presents the intelligent technology system of the agricultural waste resource
utilisation industry chain, which includes five core modules: data layer, processing layer,
digital twin layer, optimisation layer, and output layer. The data layer integrates the
Carbohydrate-Active Enzymes Database (CAZy), real-time NIR spectroscopy monitoring
data, and supply chain Internet of Things (IoT) sensor data stream. The processing layer
obtains thermostable B-glucosidase mutants through Rosetta design-energy calculation
(Rosetta Delta Delta G, RosettaDDG) screening. Combined with the component-enzyme
system matching rules established by partial least squares regression (PLSR), the
microwave-ultrasonic coupled pretreatment reactor is driven to optimise biomass
conversion. A 37-dimensional parameter virtual model is constructed in the digital twin
layer, and the GCN architecture is used to predict raw material supply fluctuations. An
improved NSGA-II is deployed in the optimisation layer to achieve Pareto optimal
scheduling between the dual objectives of transportation cost and equipment vacancy
rate. The output layer ultimately achieves cost-optimised logistics and transportation and
the commercialisation of high-purity bio-based products. Each module achieves closed-
loop optimisation through a strict data interface, including real-time process parameter
feedback, dynamic scheduling instruction transmission, and market supply and demand
data interaction, forming a complete ‘collection-pretreatment-conversion-sales’
intelligent decision-making system.
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Figure 1 Intelligent technology system of the agricultural waste resource utilisation industry
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3.1 Biocatalyst directed screening system

Thermostable B-glucosidase mutants are screened out using the cellulase gene database
and molecular docking technology, and the adaptation rules between straw components
and enzyme systems are established.

3.1.1 Thermostable p-glucosidase mutant screening

The B-glucosidase sequences of glycoside Hydrolase Family 1 (GH1) and Glycoside
Hydrolase Family 3 (GH3) are extracted from CAZy to construct a candidate set of 2145
homologous genes. The RosettaDDG algorithm is used to perform full-site mutation
scanning on key residues in the active site (Tyr144, Glul65, and His228). The binding
free energy change AAG of the mutants is calculated. The screening threshold is defined
as the joint optimisation objective of AAG and the improvement in catalytic efficiency:
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AAG =G,

mutant

G

wild—type

mutant mutant
Rl S (1)

cat

kcv;:ldftype / K:nvildftype =
Formula (1) is used to calculate the combined screening threshold of the binding free
energy change (AAG) and the improvement in catalytic efficiency of B-glucosidase
mutants, The selection of AAG threshold and the catalytic efficiency improvement target
is based on the physicochemical equilibrium mechanism of enzyme thermal stability and
catalytic activity. The free energy change caused by protein mutation reflects the
changing trend of structural stability. Although excessively large negative values can
enhance thermal stability, they may limit the flexibility of active sites and affect substrate
binding and catalytic efficiency. The joint optimisation target takes into account the
needs of maintaining the stability of mutants in high-temperature environments and
improving the reaction rate, ensuring their practicality and economy under complex
industrial conditions. G is the binding free energy. « is the efficiency improvement
threshold. k™" is the catalytic rate constant of the mutant enzyme, reflecting the
maximum reaction rate. K" is the Michaelis constant of the mutant enzyme,
reflecting the affinity of the enzyme for the substrate. k""" and K“'“°™ are the
corresponding parameters of the wild-type enzyme. The generalised Born solvation term
uses default parameters, with a solvent dielectric constant of 78.5 and a solute-solvent
contact distance of 0.2 nm.

Molecular docking is performed using AutoDock Vina 1.2.0. The substrate
conformation library is generated by ConFabX. The force field parameters are selected
from General Amber Force Field 2 (GAFF2). The binding energy calculation is
optimised using an implicit solvation model.

AGy g = E oo T E gy + Ggp + G 2)

bind elec v

Formula (2) is the implicit solvation model. AG,,, represents the binding energy
between the mutant and the substrate. £, and E ;, are the electrostatic and van der
Waals energies, respectively. G, and G, are the generalised Born solvation and
solvent accessible surface area terms. Molecular dynamics simulations are performed on
the mutants that meet the constraints of the implicit solvation model to analyse the root
mean square deviation (RMSD) of the active site and the stability of the hydrogen bond
network.

Table 1 lists the comparative analysis of the energy compositions of wild-type
B-glucosidase and mutant BgIM7 during molecular docking. The molecular mechanics
and generalised Born surface area method are used to calculate various energy terms,
including electrostatic interaction energy, van der Waals interaction energy, generalised
Born solvation free energy, and solvent accessible surface area energy terms. The data
show that the mutant BgIM7 exhibits better binding properties in all key energy terms.
The electrostatic interaction energy is reduced by 3.5 kcal/mol, and the van der Waals
interaction energy is reduced by 2.7 kcal/mol, indicating that its non-covalent binding
ability with the substrate is significantly enhanced. Meanwhile, the changes in solvation
effect-related terms (generalised Born solvation free energy and solvent accessible
surface area energy) demonstrate that the mutant has better solvent adaptability. The
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collaborative optimisation of these energy parameters confirms the improvement of the
thermal stability and catalytic efficiency of the BglM7 mutant, providing a theoretical
basis for its application in agricultural waste conversion.

Table 1 Molecular docking energy composition analysis

Wild type Mutant BgIM7 Energy change

Energy composition (kcal/mol) (kcal/mol) (kcal/mol)
Electrostatic interaction -15.2 -18.7 -3.5
Van der Waals interaction -24.6 -27.3 2.7
Generalised born solvation free energy 12.4 10.8 -1.6
Solvent accessible surface area energy 3.2 2.9 -0.3

3.1.2 Straw component-enzyme system adaptation rule modelling

A multivariate response model of straw components (cellulose, hemicellulose, and lignin)
and enzyme system activity is established. The sample set includes 356 straws. The
components are determined using the NREL standard method. A feature matrix X is
constructed. The enzymatic hydrolysis experiment is designed based on the Box-Behnken
method. The response variable is Y . The model is constructed using:

Y =XB+C 3)

B is the regression coefficient matrix. C is the residual term. The interaction effect is
expanded by a second-order polynomial:

3
Y=4+ Z,b’,.xi +Zﬂ[jxl.xj 4

i=1 i<j
Y is the reducing sugar yield. £, is the model intercept. £, is the linear term coefficient.
x, and x; are the standardised component contents. [, represents the synergistic or
antagonistic effect between components. i and j are used to index different straw
components. The index of i corresponds to the three main components of cellulose,
hemicellulose, and lignin.

The principal components of the feature matrix are extracted using principal
component analysis (PCA). The enzyme system ratio M, optimisation function is
constructed:

M, =min||PC-WE | +4, |E|| (5)

E

PC is the principal component matrix of the straw components. W is the enzyme
activity weight matrix. E is the enzyme dosage sparse vector. 4, controls the sparsity of
enzyme dosage. ||-|[; is the Frobenius norm. |[E| is the L1 norm. The decision rule
determines the optimal A, through cross-validation to ensure the nonlinear mapping
precision of the enzyme system combination and straw components. The stability of the
hydrogen bond network at the active site was analysed by molecular dynamics
simulation, and the catalytic efficiency of mutants was determined experimentally.
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Figure 2 reveals the synergistic regulatory mechanism of the cellulose and
hemicellulose content of straw on the enzymatic hydrolysis rate. The spatial distribution
of the enzymatic hydrolysis rate shows nonlinear characteristics, with its peak appearing
in the component interval of about 52.5% cellulose and about 25% hemicellulose. This
phenomenon is due to the substrate specificity and spatial accessibility of the cellulase
system. As the main degradation target, the increase in cellulose content can increase the
enzyme binding sites, but when it exceeds 52.5%, the dense crystalline region structure
may limit the diffusion of enzyme molecules, resulting in a slowdown in the rate of
growth. Hemicellulose exhibits a dual role. Its presence in an appropriate amount can
maintain the porous structure of the straw and promote enzyme-substrate contact. When
in excess, it significantly inhibits the hydrolysis efficiency by physically embedding
cellulose and competitively adsorbing enzyme proteins. The steep decline in the surface
area reflects the barrier effect of the lignin-hemicellulose complex on enzyme activity.
This complex forms a physical barrier through hydrophobic interactions and hydrogen
bond networks, making it difficult for cellulase to access the substrate. The asymmetric
distribution of contour lines further shows that the inhibitory effect of hemicellulose on
enzymatic hydrolysis is stronger than the promoting effect of cellulose, which is
consistent with the specific recognition mechanism of cellulase active sites for -1,4
glycosidic bonds. The consistency of the data and the model verifies the reliability of the
component adaptation rules and provides a theoretical basis for the development of
directed pretreatment processes.

Figure 2 Lignocellulose composition and enzymatic hydrolysis rate (see online version
for colours)

Enzymatic Hydrolysis Rate (mg/g-h)

25 55

30 60 .
Hemicellulose (%) 35 Cellulose (%)

3.2 Dynamic control of multi-stage reaction conditions

The microwave-ultrasonic coupled pretreatment equipment has been developed. NIR
spectroscopy is used to monitor the hemicellulose removal rate in real time. The reaction
pH (5.2-6.8) and temperature (45-60°C) are automatically adjusted.
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3.2.1 Microwave-Ultrasonic coupled pretreatment equipment design

The microwave-ultrasonic synergy improves the hemicellulose degradation rate by
optimising the energy transfer efficiency. The equipment uses a dual-frequency
composite reaction chamber with a microwave frequency of 2.45 GHz (with a
continuously adjustable power of 0—1000 W) and an ultrasonic frequency of 20 kHz
(pulse duty ratio of 10-90%). The energy coupling efficiency is solved by the Maxwell
electromagnetic field equation and the acoustic pressure wave equation:

E
VHZO'dEd+€a :
ot

6
Lo g ©)

Vi, L9l _
P= 252 Py

VH is the magnetic field intensity. o, is the conductivity. E, is the electric field
intensity. V?p represents the Laplace operator of the sound pressure, which describes the
propagation behaviour of ultrasound in the medium. p,_ is the sound pressure. ¢ is the
sound speed. A three-dimensional multi-physics model is established using Cpmsol
Multiphysics 6.1, and the geometric parameters of the reaction chamber are optimised to
reduce the coefficient of variation of the energy density distribution.

The real-time impedance matching network is dynamically calibrated using the Smith
chart to ensure that the microwave reflection power ratio is <5%. The ultrasonic
transducer array uses phase modulation technology, and the sound intensity uniformity is
regulated by Formula (7):

N
I, =iZA,fsin2 (ax+¢,) @)
N k=1

It represents the synthetic sound intensity, reflecting the uniformity of the energy
distribution of the ultrasonic wave in the reaction chamber. @ is the angular frequency.
A’ is the unit amplitude. @, is the phase compensation angle. This design reduces the
dissociation energy of the lignin-carbohydrate complex, which is measured by
differential scanning calorimetry.

Table 2 lists in detail the core operation parameters and technical indicators of the
microwave-ultrasonic coupled pretreatment equipment. The system uses 2.45 GHz
microwaves(Vectorscope model Keysight N5247B) and 20 kHz ultrasound to work
together. The microwave power can be precisely adjusted within the range of 0—1000 W
(£10 W). The ultrasonic pulse duty ratio can be controlled with a precision of +2%. The
key operating status is monitored in real time by a vector network analyser (microwave),
a digital signal generator (ultrasonic frequency), and a high-speed data acquisition card.
The reaction chamber pressure is maintained at 0.1-0.3 MPa (£0.01 MPa). Impedance
matching efficiency >95% ensures efficient energy transmission. All parameters are
collected online using industrial-grade sensors to provide a precise control basis for the
multi-physics field coupling process. This configuration scheme is verified through
multi-physics field simulation to meet the need for precise control of energy input in the
biomass pretreatment process.



Industrial chain technology paths and economic feasibility 371

Table 2 Key operation parameters of the microwave-ultrasonic coupled pretreatment
equipment

Parameter category Range/Specification Control precision ~ Monitoring method

Microwave frequency 2.45 GHz +0.05 GHz Vector network
analyser

Microwave power 0-1000 W +10W Directed
coupler+power meter

Ultrasonic frequency 20 kHz +0.5 kHz Digital signal
generator

Pulse duty ratio 10-90% +2% High-speed data
acquisition card

Chamber pressure 0.1-0.3 MPa +0.01 MPa Piezoresistive pressure
transducer

Impedance matching >95% - Reflected power ratio
monitoring

Figure 3 intuitively presents the three-dimensional energy distribution characteristics
with the synergistic effect of microwaves and ultrasound in the reaction chamber. The red
area represents the high-energy area, and the blue area has lower energy. The energy
density gradient change clearly reflects the coupling effect of the electromagnetic field
and the acoustic field. The high-energy area is concentrated in the core area of the
reaction chamber, forming an obvious energy focusing zone, which is in line with the
theoretical expectation of the standing wave superposition principle. The energy
attenuation trend in the edge area is significant, indicating that the equipment design
effectively suppresses energy leakage and ensures the efficiency and stability of the
pretreatment process. The overall uniformity of energy distribution verifies the
optimisation effect of the composite reaction chamber. The phase-matching mechanism
of microwaves and ultrasound successfully achieves balanced energy transfer in the
spatial dimension. The local energy fluctuation is mainly caused by the phase mismatch
between the electromagnetic field and the acoustic field. The reflection power ratio can
be reduced by impedance calibration through the Smith circle diagram. Local energy
fluctuation is inevitable in the pretreatment process, and its amplitude is controlled within
the allowable range of system design, which will not significantly affect the overall
reaction uniformity. Through phase modulation and impedance matching technology, the
equipment has a good energy energy-stable output capacity, ensuring the consistency of
pretreatment effect and process reliability. This distribution pattern provides a key basis
for the subsequent process parameter optimisation, especially for the reaction time and
temperature field control. In Figure 3, the colour transition is smooth, and there is no
significant energy hole or abnormal peak, indicating that the equipment can maintain
stable energy output under continuous operation. This visualisation result verifies the
feasibility of the coupled pretreatment technology from an engineering perspective and
lays a theoretical foundation for the reactor design in the industrial scale-up process.
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Figure 3 Energy distribution of microwave-ultrasonic coupled pretreatment (see online version
for colours)
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3.2.2 Near-infrared spectroscopy online monitoring and feedback control

The near-infrared (NIR) quantitative model is constructed with a spectral range of 4000—
12,000 cm™ and a resolution of 8 cm™'. The spectral data are preprocessed using
Savitzky-Golay smoothing (with a window width of 15 and second-order polynomials)
combined with standard normal variable transformation. The prediction model for
hemicellulose removal rate 5 uses PLSR:

Igziwi«SNV(log(l/R)ﬂ?%b ®)

SNV is the standard normal variable transformation (spectral preprocessing method). R
is the reflectivity. w, is the weight of the characteristic wavelength A . b is the model
bias term. Based on the NIR spectral data, the real-time removal rate of hemicellulose
during the pretreatment process is predicted by PLSR to provide input for dynamic
control. The root mean square error of model cross-validation is controlled within 8% to
meet the requirements of industrial online monitoring accuracy.

The dynamic control system adopts the fuzzy proportional-integral-derivative (PID)
algorithm. The input variable is the deviation between the NIR predicted value and the
set value and its differential. The control rule library contains 81 Mamdani-type rules.
The adjustment amount Au(¢) of output pH and temperature is calculated as follows:

Au(t) =er(t)+1<l,je(t)dz+1<dd2—(;) ©9)
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e(t) is the deviation between the set value and the NIR predicted value. d%(f’) is the
deviation change rate. Gain coefficients K,, K;, and K, are optimised online through

Lyapunov stability theory to ensure that the reaction system has less convergence time
under disturbance. The actuator uses a high-precision metering pump (with a flow
repeatability of +£0.5%) and a Peltier temperature control module (with a resolution of
+0.1°C) to achieve a certain pH fluctuation range (5.2-6.8) and temperature gradient
(45-60°C).

This system can shorten the pretreatment time, improve the efficiency of cellulose
enzymatic hydrolysis, and reduce the ratio of energy consumption of the coupled
equipment, which meets the requirements of an industrial-grade scale-up economy.

The execution system parameter design in Table 3 is based on the dynamic response
requirements of the biomass pretreatment process. The pH metering pump adopts a wide
range adjustment capacity of 0.1-5.0 mL/min, which not only meets the initial rapid acid
adjustment requirements (high flow) but also achieves fine control in the stable stage
(low flow). Its response speed of <1 s can timely compensate for the pH fluctuation of the
reaction system. The setting of the alkali solution concentration gradient (0.1-1.0 M
NaOH) considers the differences in buffer capacity of different straw raw materials, and
the mass flow closed-loop control ensures that the addition amount is precise to £0.5%.
The pulse width modulation (PWM) power regulation and the characteristic of fast
response <30s of the temperature module effectively solve the problem of local
overheating in the microwave-ultrasonic coupling process. Nitrogen flow control (with a
precision of 0.2 L/min) prevents oxidation side reactions and avoids mass transfer
obstacles caused by excessive inert gas. The control precision of +5 rpm of the variable
frequency stirring system (50-500 rpm) ensures mixing uniformity while avoiding
damage from high shear forces to the fibre structure. The coordinated design of these
parameters enables the system to adapt to fluctuations in raw material composition and
provide an ideal physicochemical environment for subsequent enzymatic hydrolysis.

Table 3 Parameters of the actuator of the dynamic control system

Actuator unit Adjustment range Response time Control signal type

pH metering pump 0.1-5.0 mL/min <ls 4-20 mA PID output
Alkali tank 0.1M-1.0M NaOH - Mass flow meter closed-
concentration loop control
Temperature control 25-80°C <30 s (90% setpoint) PWM power regulation
module

Gas flow control 0-10 L/min (N,) +0.2 L/min Mass flow controller
Stirring speed 50-500 rpm +5 rpm Frequency conversion

motor+encoder feedback

3.3 Digital twin model construction

A virtual model of the industrial chain containing 37 key parameters (four modules: raw
material properties, equipment operation, environmental constraints, and market
dynamics) is established, and the GCN neural network is integrated to predict raw
material supply fluctuations.
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3.3.1 Multi-dimensional parametric modelling framework

In view of the complex characteristics of the agricultural waste resource industry chain, a
virtual simulation system based on multi-scale modelling is constructed. Using the
object-oriented modelling method, 37 key parameters are divided into four categories:
raw material property parameters (8 items including moisture content, bulk density,
cellulose content, hemicellulose content, lignin content, ash content, particle size
distribution, and degradation rate), equipment operation parameters (11 items including
processing capacity, power output, ultrasonic intensity, reaction temperature, pH
precision, conveying speed, dust removal efficiency, failure rate, energy consumption
coefficient, maintenance cycle, and vibration amplitude), environmental constraint
parameters (9 items including collection radius, load limit, storage period, temperature
and humidity requirements, subsidy policy, emission standard, noise limit, carbon
allowance, and seasonal impact), and market dynamic parameters (9 items including raw
material price, product price, demand cycle, inventory cost, transportation cost, labour
cost, rental rate, financing rate, and carbon price). The coupling relationship between the
parameters is represented by a directed acyclic graph (DAG), and the edge weight is
quantitatively characterised by the Spearman rank correlation coefficient:

6> d;
R > 10
py =1 a(r 1) (10)

p, represents the rank correlation coefficient of parameters i and j. d; is the rank
difference of the parameter pair. » is the sample size. The dynamic update mechanism of
parameters adopts the sliding time window algorithm. The window width T, is
adaptively adjusted according to the parameter characteristics:

r=— (11)

In(o, /0,)

1, is the parameter relaxation time. o, is the current observation standard deviation. o,
is the benchmark standard deviation. The model validation uses Sobol global sensitivity
analysis to confirm the cumulative contribution rate of the top five dominant parameters
to ensure that model simplification does not affect the prediction precision. Seasonal
weight factors (1.5 for harvest period and 1.0 for the non-harvest period) are introduced
in the window width adjustment to reflect the cyclical fluctuations of raw material

supply.

3.3.2 Supply prediction driven by GCN

The graph convolutional neural network architecture is used in the raw material supply
fluctuation prediction module, which innovatively integrates spatial topology and
temporal features. The supply network graph is defined as G =(V,E,W). V represents
the collection point. The edge E represents the transportation path. The weight matrix
W contains factors such as distance and traffic conditions. The node feature vector
integrates 12-dimensional data such as historical supply and weather index. The graph
convolution operation uses Chebyshev polynomial approximation:
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z :a(i&,{]‘k (Z)XJ (12)

Z represents the node feature matrix after graph convolution. ¢ is the activation
function. 6, is the trainable weight parameter. X is the input node feature matrix,
controlling the contribution of the polynomial term. L is the normalised Laplace matrix.
T, 1is the k-order Chebyshev polynomial. Spatiotemporal feature extraction is achieved
by stacking gated temporal convolution units:

H, =tanh(W,*X, +U,*H,_ +b,) (13)

H, represents the hidden state at time step ¢. tanh is the hyperbolic tangent activation
function. W, is the convolution kernel weight of the current input X, , which constrains
the output range. * It is the convolution operation. U, is the weight of the hidden state
H,_, at the previous time step. The prediction loss function uses Huber loss, which

adaptively switches between mean-square error and absolute error:

S=3). y-ilse
Ly(»,9)= 1 (14)
5|y—j}|—552, otherwise

Ls(y,p) represents the loss between the predicted value and the actual value. J§ is the
threshold parameter. The curriculum learning strategy is adopted in the model training,
gradually increasing the historical time step (12 — 36 — 72 weeks) and achieving a low
root mean-square error of 8 weeks in advance on the dataset. This module improves the
accuracy of raw material supply interruption risk warnings and supports dynamic
scheduling decision-making.

Table 4 details the dimension configuration of the input features of the graph
convolutional neural network and systematically shows the technical specifications of
four key input features. The historical supply volume feature (3-dimensional) contains
supply data of different time granularities and is updated daily. The meteorological data
feature (4-dimensional) integrates environmental factors, such as temperature,
precipitation, wind speed, and sunshine, and is updated every hour. The traffic condition
feature (2-dimensional) reflects the logistics and transportation status in real time. The
economic indicator feature (3-dimensional) covers market and policy elements and is
updated weekly. This multi-dimensional feature engineering design ensures that the
model can simultaneously obtain spatial topological relationships and temporal dynamic
changes, providing a complete data foundation for graph convolution operations. The
settings of all feature dimensions undergo strict variable screening and collinearity tests,
which not only avoid information redundancy but also ensure the completeness of the
feature space. The differentiated configuration of feature acquisition frequency fully
considers the update characteristics of various types of data and the real-time
requirements of the prediction task.
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Table 4 GCN input feature dimensions

Feature type Dimensions Data description Collection frequency

Historical supply 3 Daily/weekly/monthly supply volumes Daily update

Meteorological 4 Temperature, precipitation, wind Hourly update

data speed, sunshine hours

Traffic conditions 2 Road congestion index, available Real-time update
transport vehicles

Economic 3 Fuel price, labour cost, and policy Weekly update

indicator incentive coefficient

3.4 Multi-node intelligent scheduling algorithm

A scheduling optimisation algorithm based on the improved NSGA-II is developed to
achieve Pareto optimality between transportation cost and equipment vacancy rate.

3.4.1 Improved multi-objective optimisation framework of NSGA-11

Aiming to address the scheduling problem of the agricultural waste resource industry
chain, an improved NSGA-II framework based on the elite strategy is constructed. The
algorithm adopts a double-layer chromosome coding structure. The upper gene chain
represents the transportation path planning, and integer coding is used to mark the access
order of each node. The lower gene chain represents the equipment start-stop strategy.
Binary coding is used to characterise the operating status of the pretreatment equipment
and the bioreactor. The objective optimisation of transportation costs is as follows:

N M
f= 2%y (15)

i=l j=1

/i 1s the transportation cost, calculating the total cost of all transportation paths. ¢, is the
transportation cost of unit distance. x; is the path selection variable. d; is the node
spacing. Improvement strategies include the following:

1 Dynamic crossover probability adjustment: The crossover rate is adaptively adjusted
based on population diversity indicators.

2 Directed mutation operator: Gaussian perturbations are applied to individuals with
slow convergence speed in the non-dominated solution set. The mutation intensity is
negatively correlated with the objective spatial distribution density.

The algorithm implements Pareto front classification through Fast Non-dominated Sort.
The crowding distance comparison operator ensures the distribution of the solution set.

3.4.2 Constraint processing and real-time scheduling mechanism

A hybrid constraint satisfaction strategy is designed to handle three types of hard
constraints: transport load limit, equipment minimum operation cycle, and time window
requirements. A dynamic penalty function method is used to convert constraint violations
into objective function correction terms:
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J=f 44 S max(0.G, ) (16)

f. is the corrected value of the ith objective function. The constraint violation is

incorporated into the optimisation objective through the penalty function. f, is the
original value of the i th objective function. The penalty factor 4, increases linearly with
the number of iterations. G, is the violation of the mth constraint condition. The initial
value of the penalty factor in the dynamic penalty function method is set to 10, with an
increase rate of doubling every 10 iterations. This setting is based on the results from
earlier simulation experiments, which tested the balance between the algorithm’s
convergence speed and solution quality. It ensures sufficient exploration during early
iterations while increasing the penalty for constraint violations in later stages to expedite
convergence to the feasible solution region.

The real-time scheduling module is embedded in the rolling time domain optimisation
architecture. The optimisation problem is resolved every 4 h. The equipment failure
probability model is constructed based on historical data. The robustness compensation
term is added to the objective function:

f,=2p B[D,] (17)

f, 1s the expected capacity loss caused by equipment failure, quantifying the risk of
equipment failure and enhancing the robustness of the scheduling scheme. p, is the
failure risk coefficient of equipment k. E[D,] is the expected capacity loss. This
mechanism shortens the scheduling adjustment response time with sudden failures and
ensures the continuous and stable operation of the industrial chain.

The message passing interface (MPI) parallel computing framework is used in
algorithm deployment, and the population size is set to 500. A single optimisation takes
no more than 3 min on a 16-core server, meeting the timeliness requirements of actual
engineering projects.

4 Method effect evaluation

4.1 NIR spectroscopy dynamic prediction and pH control performance

In the study of the performance of dynamic prediction of NIR spectroscopy and pH
control, the data is from the real-time monitoring system of the microwave-ultrasonic
coupled pretreatment equipment, including the spectral data of hemicellulose degradation
process collected by the NIR spectrometer (4000—12,000 cm ', with a resolution of
8 cm '), and the dynamic reaction parameters recorded by the pH sensor. The study
preprocesses the spectral data by Savitzky-Golay smoothing and standard normal variable
transformation, establishes a PLSR model, and associates the characteristic wavelength
with the hemicellulose removal rate. A fuzzy PID controller is also designed to
dynamically adjust the pH and temperature using the spectral prediction value as the
feedforward signal.
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Figure 4 shows the synergistic mechanism of NIR spectroscopy real-time monitoring
and dynamic pH control during agricultural waste pretreatment. The spectral curve of
dynamic prediction of NIR spectroscopy reveals the characteristic changes of molecular
vibration of hemicellulose degradation during microwave-ultrasonic coupling
pretreatment. The intensity attenuation of the O-H second-order overtone peak
(7000 cm ") directly reflects the degree of glycosidic bond breakage of hemicellulose.
The spectral distortion of the C-H combination frequency region (8500-9500 cm™)
characterises the dissociation state of the lignin-carbohydrate complex. The convergence
of the PLSR correction curve and the original spectrum proves that the dynamic
prediction model based on characteristic wavelength selection can effectively separate the
target component signals in the mixed system and provide precise input for real-time
control. In the fuzzy PID control response, the pH dynamic response curve with square
wave excitation shows the control stability of the multi-physics field coupled system. The
step change of the set value simulates the raw material fluctuation in actual production,
and the rapid convergence characteristics of the system response are due to the precise
modelling of the nonlinear mass transfer-reaction coupling process by the fuzzy rule
base. The overshoot phenomenon reflects the instantaneous local acidification caused by
the ultrasonic cavitation effect. The steady-state error range verifies the effectiveness of
NIR feedforward compensation. The correlation between the dynamic prediction of
infrared spectroscopy and the joint performance of pH control is reflected in the
following aspect: the spectral characteristic peaks analyse the hemicellulose removal
dynamics in real time, and its output is used as a feedforward signal to optimise the PID
parameters, forming a closed-loop regulation of “spectral detection-model prediction-
execution control”. This joint control mechanism breaks through the control mismatch
problem caused by detection lag in traditional pretreatment and realises the synchronous
adaptation of reaction conditions and material changes.

4.2 Conversion efficiency improvement verification

High-performance liquid chromatography is used to detect the dynamic changes in
reducing sugar yields with three treatments to quantitatively evaluate the performance
advantages of the biocatalytic system. With corn straw as the uniform substrate, three
parallel experiments are set up, including traditional dilute acid hydrolysis (1.2% H,SOs,
121°C), commercial cellulase preparation (Cellic CTec3, 10 FPU/g substrate), and the
thermostable mutant enzyme system (BglM7 complex enzyme system) of this study.
Chromatographic conditions include a mobile phase of SmM H,SO,, with a flow rate of
0.6mL/min, a column temperature of 60°C, and a detector temperature of 55°C. Sample
pretreatment follows the TP-510-42623 standard. Samples are taken every 8 h, and the
reaction is terminated immediately. The samples are filtered through a 0.22pm
microporous filter membrane before injection. The external standard method is used for
the quantification of glucose and xylose. Data acquisition is completed using OpenLAB
CDS 2.4 software, and multiple repeated measurements are set at each time point to
control analytical errors. The dynamic model is fitted using the modification formula of
the Michaelis-Menten equation. The cumulative saccharification rate within 72 h is
calculated. One-way analysis of variance (ANOVA) is used for statistical significance
tests. Tukey’s honestly significant difference test (Tukey’s HSD) is used for post hoc
comparison.
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Figure 4 NIR spectroscopy dynamic prediction and pH control joint performance (see online
version for colours)
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Figure 5 shows the dynamic changes in reducing sugar yields of three treatment methods
(acid hydrolysis, commercial enzymatic hydrolysis, and mutant enzyme system) within
72 h and their statistical significance analysis. The reducing sugar yield results show that
the initial hydrolysis rate of the acid hydrolysis method is relatively fast, and the final
yield is only 60.8%, indicating that it is limited by the irreversible barrier of the lignin
barrier. The commercial enzymatic hydrolysis method is more efficient, but the final
yield is 81.4%, reflecting the insufficient stability of traditional enzymes. The mutant
enzyme system maintains efficient conversion throughout the reaction cycle, with a final
yield of 90.2% and no obvious plateau period, proving that its high-temperature
resistance and continuous catalytic ability significantly improve the reaction efficiency.
Statistical significance analysis is presented through heat maps. Tukey’s HSD test is used
to compare the three methods pairwise. The red area represents significant differences
between the groups, and the symbol ** in the figure strengthens the time points with
significant statistical differences (p <0.01). The data show that all data statistics are
significant, and the mutant enzyme system is significantly better than other methods at all
time points. This change shows that the mutant enzyme effectively overcomes the
limitations of traditional methods by optimising the active site structure, thereby
maintaining efficient catalysis in long-term reactions. This result not only verifies the
scientific value of the directed modification of biocatalysts but also provides a better
technology path for the resource utilisation of agricultural waste.
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Figure 5 Reducing sugar yield and statistical significance analysis (see online version
for colours)
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4.3 Scheduling cost analysis

The evaluation process focuses on the quantitative comparison of the optimisation rate of
transportation paths and the loss of equipment vacancy. Three sets of comparison
scenarios are constructed: digital twin dynamic scheduling system, manual experience
scheduling (based on the decision records of practitioners with more than five years of
experience), and fixed-route scheduling. The optimisation rate is defined as the deviation
between the actual transportation distance and the theoretical shortest path:

1— ZL]D sét)ual
z:le(E;)timal

n is the optimisation rate. D(Qual is the actual path distance of the ith transportation.

D(E;)ﬁma, is the theoretical shortest path distance for the ith transportation. n is the total

transportation batch. The calculation of equipment vacancy loss L, is:

n= (18)

Ly = (Tkidle ’C/?p) (19)

K
k=

K is the total number of equipment. 7;" is the vacancy time of equipment k. C;” is the
unit time operating cost of equipment k. Data collection covers a 12-month operation
cycle, integrating trajectory data, equipment operation logs, and order databases. A linear
mixed effects model is used to control confounding factors, such as transportation
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batches and seasonal fluctuations. Covariates include the fluctuation range of raw
material moisture content, road network congestion index, and equipment maintenance
cycle. All feature dimensions are tested for collinearity to ensure that there is no
significant multicollinearity among features, so as to improve the stability and
interpretability of the model.

Figure 6 compares the operation performance of the three scheduling strategies
throughout the year, revealing the key advantages of the intelligent scheduling algorithm
in the resource utilisation of agricultural waste. The horizontal axis represents the
12-month operation cycle, reflecting the impact of seasonal fluctuations on the
scheduling strategy. The vertical axis represents the transportation path optimisation rate
and equipment vacancy loss, respectively. The transportation path optimisation
performance shows that the digital twin dynamic scheduling system (blue) always
maintains a path optimisation rate of more than 0.8, which is significantly better than the
manual experience scheduling (red) and the fixed-route scheme (green). This stability is
due to the system’s dynamic response ability to real-time traffic data, weather conditions,
and fluctuations in raw material supply. Especially during the busy farming season, when
the traditional method causes the optimisation rate to drop due to road network
congestion, the digital twin system maintains efficient transportation through intelligent
path replanning. The comparison of equipment utilisation efficiency further demonstrates
that the digital twin system strictly controls the equipment vacancy loss within the range
of US$21,000-23,000, which is significantly lower than traditional methods. This
advantage is attributed to its precise scheduling capability based on demand prediction.
By integrating equipment status monitoring and production task queue optimisation, the
system significantly reduces the vacancy time of key equipment such as bioreactors.
In contrast, although the fixed-route scheme has low loss, its rigid scheduling mode leads
to the lowest optimisation rate throughout the year, and the static strategy is difficult to
adapt to the seasonal fluctuations in agricultural waste collection. The digital twin system
optimises equipment utilisation while improving transportation efficiency by coupling
real-time data perception and intelligent decision-making algorithms. This collaborative
optimisation is particularly important for the resource utilisation of agricultural waste — it
not only reduces the cost of long-distance transportation of high-viscosity waste but also
ensures the continuous operation of pretreatment equipment when the raw material
supply is unstable. The research results provide key technical support for building a
resilient supply chain and have practical significance for improving the economic
feasibility of biomass energy projects.

4.4  Industrial chain coordination evaluation

The supply-demand matching index is used in the evaluation process to quantify the
collaboration efficiency between the pretreatment centre and the biorefinery, which is
defined as follows:

ZrT:1|Dl - Sl|
2ZZTZImaX(Dt,St)

D, is the daily demand of the biorefinery. S, is the supply of the pretreatment centre.
The data collection covers 365 days of operation records with three scheduling modes.

SMI=1-

(20)
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The Dagum Gini coefficient decomposition method is used to analyse the spatial-

temporal dual-dimensional coordination differences. The SMI with each scheduling
strategy is calculated.

Figure 6 Operation performance of scheduling algorithms (see online version for colours)
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Figure 7 presents the full-year coordination efficiency performance of the three
scheduling strategies in the agricultural waste resource industry chain. The vertical axis is
the SMI, which quantifies the degree of operational coordination between the
pretreatment centre and the biorefinery. Digital twin scheduling demonstrates significant
advantages, with its SMI remaining high throughout the year with minimal fluctuations.
This is due to its dynamic response mechanism, which can adjust transportation plans and
equipment scheduling in real time and effectively respond to emergencies such as
fluctuations in raw material supply and equipment failures. In contrast, the experience
scheduling performs poorly, reflecting the limitations of relying on historical experience.
The fixed-route scheduling (green) performs the weakest overall, with its rigid scheduling
model unable to adapt to changes in supply and demand, experiencing a significant drop
in efficiency during peak business hours. The differences between the three strategies are
apparent, fully verifying the adaptability of the digital twin system in a complex
operating environment. The data intuitively shows the key role of intelligent scheduling
technology in improving the coordination efficiency of the industrial chain, reveals the
inherent defects of traditional scheduling methods in dealing with seasonal fluctuations,
and provides a clear decision-making basis for the optimisation and upgrading of
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agricultural waste resource utilisation systems. The stability and adaptability of digital
twin technology make it an important technical support for realising the circular economy
of agriculture.

Figure 7 Supply chain coordination performance comparison (see online version for colours)
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5 Conclusion

This study proposes and verifies the coordinated optimisation paradigm of the
agricultural waste resource industry chain. Through the deep integration of biocatalytic
system innovation and digital twin technology, the contradictions of low resource
conversion efficiency, high operating costs, and insufficient industrial chain coordination
in the traditional model are systematically solved. At the technology path level, the
directed evolution technology based on the cellulase gene database breaks through the
bottleneck of heat resistance of the biocatalyst and substrate adaptability, and the
constructed enzyme system adaptation rules significantly improve the degradation
efficiency of complex straw components. The microwave-ultrasonic coupled
pretreatment equipment achieves precise control of the hemicellulose removal process
through the synergistic effect of multi-physics fields. The digital twin model constructs a
full-factor mapping of the industrial chain with 37 key parameters and combines the
spatiotemporal feature extraction capabilities of graph convolutional neural networks to
improve the precision of raw material supply prediction to industrial-grade practical
standards. In terms of economic feasibility, the Pareto optimal solution set established by
the improved NSGA-II algorithm between transportation costs and equipment utilisation
verifies the economic advantages of multi-objective dynamic scheduling. The evaluation
of the coordination of the industrial chain shows that the digital twin system improves the
SMI compared with traditional models through a closed-loop decision-making
mechanism driven by real-time data and improves its anti-interference ability. This
‘biological-digital’ dual-core-driven mode not only reduces the operating costs of the
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entire life cycle but also strengthens the resilience of the industrial chain through multi-
dimensional coupling optimisation. Policymakers can adjust the proportion of straw
collection subsidies according to the fluctuation of carbon trading prices to balance
economic and emission reduction benefits. This study provides a scalable technical and
economic analysis framework for the resource utilisation of agricultural waste, and its
methodology has a universal value for system optimisation in biomass energy, circular
agriculture, etc. The current economic model has integrated the function of carbon price
fluctuations and dynamic subsidy modules, initially demonstrating the significant impact
of external policy tools on system economics. Further quantifying the synergistic effects
between these two elements can provide scientific support for the government in
formulating differentiated subsidy strategies and carbon quota allocation plans, thereby
enhancing the market adaptability and long-term sustainability of agricultural waste
resource projects. Therefore, future research should focus on large-scale engineering
validation of technical systems and quantitative analysis of the coupling benefits between
carbon trading mechanisms and policy subsidies.
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