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Variations in product quality often originate from dynamic changes in the performance of manufacturing 
process systems. Developing digital twin models for model-based process control and optimization is a 
key strategy for improving quality; however, this approach is often constrained by the high cost of data 
acquisition in industrial environments. To address this challenge, this study proposes a quasi-static 
hypergraph neural network (QS-HGNN) model framework. Grounded in the assumption of microscopic 
quasi-static behavior and macroscopic evolution in process system performance, the proposed method 
abstracts process elements as nodes and uses hypergraph topology to represent complex multivariate 
relationships among process parameters. At the microscopic scale, static associations between nodes 
are quantified through discrete computation of a weight matrix, enabling the model to capture the sys-
tem’s short-term performance characteristics. At the macroscopic scale, a long short-term memory net-
work models the temporal evolution of these weights, thereby capturing the long-term evolution of the
system. The framework integrates multimodal data fusion and physics-informed neural network con-
straints to enhance generalization in small-sample scenarios. The method is empirically validated
through a case study on the press-fitting process of rubber bushings into track shoes for tracked vehicles.
Comparative studies show that QS-HGNN achieves higher modeling accuracy than both static and
dynamic hypergraph neural networks. Finally, the model is deployed within an intelligent digital twin
system for real-time press-fitting quality prediction and process control. Experimental results demon-
strated a substantial improvement in quality performance: the qualification rate increased from 70% to
100%, and process stability was significantly enhanced. This research provides a high-precision, low-
data-cost pathway for digital twin modeling of manufacturing process systems with progressive perfor-
mance evolution, offering a scalable foundation for intelligent process optimization and quality
assurance.

© 2026 THE AUTHORS. Published by Elsevier LTD on behalf of Chinese Academy of Engineering and 
Higher Education Press Limited Company. Thi s is an open access article under the CC BY-NC-ND license

(http://creativecommons.org/licenses/by-nc-nd/4.0/). 
1. Introductio n

Digital twin technology is a key enabler for manufacturing pro-
cess optimization in the era of intelligent manufacturing [1,2].  A
digital twin of a manufacturing process system establishes map-
ping relationships among process parameters, in-process states,
and final product quality. An effective process model predicts pro-
duct quality [3,4] before or during manufactur ing, enabling timely
intervention and adjustment [5,6]. This predictive capability trans-
forms traditional manufacturing quality management from a pas-
sive ‘‘produce-then-inspect” paradigm to a proactive approach 
characteri zed by prediction, prevention, and pre-control, critical
for achieving the key objectives of intelligent manufacturing [7,8]. 

A digital twin model of a manufacturing process system must 
accurately characterize both the functional behavior and perfor-
mance of the system in real time—a highly challenging task [9]. 
The model must capture the inherent relationships among process 
parameters and reflect the dynamic evolution of system 
performance over time. During operation, various factors—such
as tool or equipment wear, fixture repeatability, environmental
Model-
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conditions, and material contact properties—experience gradual or
sudden changes [10–12]. Consequently, the performance of the 
process system evolves dynamically with accumulated operating
time [13,14], exhibiting a quasi-static characteristic in which sys-
tem behavior remains approximately stable in the short termwhile
gradually changing over the long term (Fig. S1 in Appendix A). This 
phenomenon is observed in many manufacturing settings, with 
varying severity depending on the specific process. For instance,
metal-cutting systems typically exhibit slower performance drift
[15], whereas assembly systems involving compliant materials, 
such as rubber, tend to experience more rapid and significant 
changes. This progressive performance evolution often leads to
variability in product quality, even under identical process param-
eter settings, posing a critical challenge for manufacturing process
modeling.

Existing modeling approaches face fundamental limitations in 
addressing this challenge. Data-driven methods based on machine
and deep learning can, in principle, approximate complex
functional mappings [16,17]. However, manufacturing is a 
data-scarce domain, with each data point corresponding to the 
production of a physical product, making large-scale data collec-
tion economically impractical [18]. Hypergraph neural networks 
(HGNNs) offer a promising alternative by explicitly modeling mul-
tivariate associations via hypergraph structures, in which a hyper-
edge can connect multiple nodes simultaneously to represent the
joint influence of various factors [19,20]. By embedding domain 
knowledge into the hypergraph topology, HGNNs can effectively
reduce data dependency [21]. However, standard HGNNs assume 
static node relationships, failing to capture the dynamic evolution 
of system performance over time. Dynamic HGNNs have been
developed to address this limitation by incorporating temporal
modeling of graph structures [22,23]. Yet these methods require 
global temporal modeling of node features, graph topology, and 
association weights simultaneously, resulting in high model com-
plexity and substantial data requirements [24,25]—precisely the 
constraints that manufactur ing systems cannot satisfy.

Consequently, a gap remains: existing methods cannot effec-
tively model the progressive performance evolution of manufac-
turing systems under small-sample conditions. This study 
proposes a quasi-static HGNN (QS-HGNN) modeling approach to 
address this gap. The core idea is based on a quasi-static assump-
tion: the association strengths among process factors remain 
approximately constant within a single manufacturing cycle while 
evolving gradually across cycles, with the associations themselves 
remaining invariant. Thus, the manufacturing system exhibits 
‘‘constant function, evolving performance,”—which translates to 
‘‘fixed topology, time-varying weights” when represented via a
hypergraph. The stable functional associations, grounded in
domain knowledge, are encoded in the hypergraph topology; the
progressive evolution of association strengths is captured by mod-
eling the hyperedge weight matrix temporally through a long
short-term memory (LSTM) network. This approach effectively
captures the system’s gradual time-varying characteristics under
small-sample conditions. The proposed method is validated using
a rubber bushing press-fitting system and deployed in a digital
twin system for real-world evaluation.

The main contributions of this work are as follows:
(1) A quasi-static assumption is proposed for manufacturing 

process systems, revealing the inherent time-varying characteristic 
of ‘‘constant function, evolving performance.” This assumption 
provides a theoretical basis for transforming the complex dynamic
hypergraph modeling problem into a tractable weight matrix tem-
poral prediction problem under fixed topology.

(2) Based on this assumption, a QS-HGNN is developed. The 
method encodes domain knowledge into a fixed hypergraph topol-
ogy while capturing the progressive evolution of hyperedge weight
2

matrices across cycles via an LSTM network. This approach 
achieves decoupled modeling of topological representation and
weight evolution, effectively alleviating modeling difficulty under
small-sample conditions.

(3) The practical applicability of the proposed method is vali-
dated through a rubber bushing press-fitting system and deploy-
ment in a real-world digital twin system.

(4) The remainder of this paper is organized as follows. Section 2 
introduces the press-fitting case and formulates the problem. Sec-
tion 3 presents the QS-HGNNmethodology. Section 4 describes the 
experimental setup and dataset construction. Section 5 reports off-
line experimental results, while Section 6 demonstrates the mod-
el’s deployment in a digital twin system and its real-world
evaluation. Section 7 concludes the paper.
2. Application background

2.1. The rubber-bushing press-fitting process

The rubber-bushed track pin is the key connecting element in
the track mechanism of tracked vehicles (Fig. 1(a)). The elastic 
deformation of the rubber bushing enables effective torque trans-
mission and relative rotation of the track shoes, ensuring smooth 
operation of the track mechanism. Thus, the assembly quality of
the rubber-bushed track pin directly affects the service life of the
track mechanism and the overall reliability of the vehicle.

The assembly of the rubber bushing is known as press-fitting, in 
which the rubber bushing track pin is pressed into the pin ear bore
of the track shoe to achieve an interference fit (Fig. 1(b)). The track 
pin core rod (steel 38CrSi) is pre-bonded with a rubber bushing 
(Shore hardness 64HA), while the pin ear bore is made of steel
42CrMo (Fig. 1(c)). The press-fitting process consists of three stages
(Figs. 1(d) and (e)): (i) over-press-fitting, where the track pin is 
pressed beyond the designed position; (ii) back-press-fitting, 
where the track pin is pressed in the reverse direction for a certain
distance; and (iii) settling, where the product rests for 24 h to
allow stress release and deformation recovery.

The interference fit between the bushing outer diameter and 
the pin ear bore inner diameter demands high assembly accuracy, 
rubber bushing structural integrity, and sensitivity to process 
parameters and environmental conditions. Current practice fre-
quently encounters issues such as inaccurate positioning and dam-
age to bushings. Traditional parameter setting relies on operator 
experience and trial-and-error, and the system exhibits dynamic
performance evolution characteristics, rendering fixed empirical
parameters inadequate for variable production conditions. This
study employs a QS-HGNN to model the press-fitting process, aim-
ing for high-precision quality prediction and inverse optimization
of process parameters.

2.2. Process quality characterization

After the settling period, the press-fit quality must be evaluated. 
The evaluation criteria for press-fit quality consist of two cate-
gories: assembly positional accuracy and structural integrity of
the rubber bushing.

(1) Requirements for assembly positional accuracy (Fig. 1(f)): 
This study utilizes three key metrics to evaluate the assembly posi-
tional accuracy: Q1: the distance L1 from the end face of the track 
shoe to the end face of the track pin ((46 ± 0.5) mm) representing 
the track shoe position; Q2: the distance L2 from the end face of the 
rubber bushing to the end face of the track pin ((46 ± 0.5) mm)
representing the bushing position; and Q3: the distance L3 from
the end face of the rubber bushing to the end face of the track shoe,
which must be less than 0, representing the overflow distance.

move_f0005
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Fig. 1. The rubber bushing press-fitting process for the track shoe: (a, b) structural composition of the track; (b) structural composition of the track shoe and pin; (c, d) 
physical images of the press-fitting process; (e) press-fitting procedure: over-press-fitting, back-press-fitting, and settling, along with the main process parameters: over-
press distance and back-press distance, press-fitting force (F), press-fitting velocity (v); (f) position accuracy quality indicators: Q1, Q2, and Q3; (g) bushing structural integrity
quality indicator: Q4; and (h) typical defective products.
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These three metrics satisfy a definite geometric relationship,
expressed as:

L3 L1 L 2 1

Excessively large or small measurements can lead to ‘‘overflow” 
in the rubber bushing, preventing installation of the end connector 
and causing localized stress concentration on the end face during
service, thereby compromising service life.

(2) Structural integrity of the rubber bushing (Fig. 1(g)) is 
affected during press-fitting due to significant interference 
between the track pin and pin hole, resulting in substantial radial 
compressive stress on the rubber bushing. This stress can lead to 
peeling or damage to the rubber from the track pin. Bushing dam-
age manifests in two forms: one occurs inside the pin hole, charac-
terized by internal tearing of the rubber material, which can be
detected by evaluating the bushing position; the other occurs at
the outer edge of the pin hole, causing abnormal rubber bulging
(Fig. 1(h)). These edge bulges create stress concentration points 
that may propagate during tracked vehicle operation, significantly 
reducing the bushing’s service life. Q4 denotes the structural integ-
rity of the rubber bushing.

2.3. Factors affecting press-fittin g quality

Based on existing issues in the press-fitting process, preliminary 
observations, and statistical analysis, the main factors affecting 
press-fitting quality can be summarized into three categories: geo-
metric dimensions, process parameters, and environmental factors.

(1) Material geometric dimensions: The shaft diameter of the 
track pin and the bore diameter of the pin hole are critical, as they
determine the interference fit.

(2) Press-fitting process parameters: Over-press distance, back-
press distance, and press-fitting velocity are crucial. The displace-
ment controls the final position of the track pin, while the velocity
affects the stress state of the rubber bushing during assembly.

(3) Environmental factors: Temperature is the primary factor, 
fluctuating between −5 and 35 °C in practical workshops. Due to 
rubber’s high sensitivity of rubber’s mechanical properties to tem-
perature, the deformation behavior and stress distribution of the
rubber bushing are significantly affected.

(4) Uncertainties in the press-fitting process: Press-fitting qual-
ity is also influenced by factors that are difficult to measure or 
quantify, such as the real-time state of the press machine and
the dynamic friction coefficient between the bushing and pin hole.
These uncertainties cause variations in assembly quality under the
same process parameters (Fig. S2(a) in Appendix A). Although 
these factors cannot be measured directly, their effects are
reflected in the dynamic process data (Fig. S2(b) in Appendix A).

In summary, when modeling the press-fitting process of the 
rubber bushing, it is essential to consider the influence of geomet-
ric dimensions, process parameters, and environmental factors on
assembly quality, as well as the impact of uncertainties manifested
in the dynamic process data (Fig. S2(c) in Appendix A).
3. Principles of quasi-static hypergraph network

3.1. Quasi-static assumpti on

In many manufacturing process systems, system performance 
evolves dynamically due to the coupling of internal and external 
factors, leading to shifts in the mapping between process parame-
ters and assembly quality. The variation is often subtle within a
single manufacturing run but accumulates over extended opera-
tion, manifesting as continuous performance adjustments. These
characteristics can be described as quasi-static: at shorter time
4

scales, the system appears to be in a steady state or static, while 
at longer time scales, it exhibits dynamic changes. Within a 
quasi-static system, performance evolution leads to changes in 
the mapping between process parameters and assembly quality, 
primarily reflected in stable association relationships with varying
strengths. When modeling with a hypergraph network structure,
this corresponds to an invariant hypergraph topology with dynam-
ically adjusted hyperedge weights, represented through temporal
variations in the weight matrix.

Based on this assumption, the following sections present the 
proposed QS-HGNN, which fixes the hypergraph topology to 
encode domain knowledge while modeling the temporal evolution
of hyperedge weights to capture progressive performance changes.
A detailed comparison with static and dynamic hypergraph meth-
ods is provided in Section 3.6. 

3.2. Network architectu re

Based on the quasi-static assumption of manufacturing process 
system performance evolution, this study proposes a QS-HGNN 
that constructs the model from a quasi-static perspective: at the 
microscopic time scale, the system is treated as static with stable
hypergraph topology and association strengths; at the macroscopic
time scale, the focus shifts to capturing the gradual evolution of
these association strengths.

In the QS-HGNN, each manufacturing process step is treated as 
a fundamental sampling unit, discretizing continuous temporal 
evolution into a series of static snapshots. At each discrete time 
point, graph convolution operations solve for the weight matrix, 
quantifying the mapping relationship between process parameters 
and quality and distinguishing time-varying from time-invariant 
factors. Based on the obtained discrete temporal sequence of 
weight matrices, a progressive evolutionary temporal model cap-
tures the long-term trend in system variation. This design achieves 
dual representation of system characteristics: at the microscopic 
level, graph convolution inversion at a single time point captures
the instantaneous static properties of the system, that is, the
instantaneous mapping between process parameters and quality;
at the macroscopic level, the temporal evolution of the weight
matrix corresponds to the system’s gradual evolution over
extended time scales. This multi-time-scale decoupled modeling
approach accurately characterizes the influence mechanisms
between process parameters and press-fitting quality and captures
the temporal evolution trends of these influence relationships. The
detailed network architecture is illustrated in Fig. 2.

3.3. Weight matrix estimation

In each manufacturing process, estimating the hypergraph 
weight matrix that represents the strength of associations among 
process parameters, variables, and quality is crucial for construct-
ing the QS-HGNN. The following presents the derivation of the
weight matrix calculation.

Each manufacturing process step is considered an instance, 
arranged sequentially to form a discrete time series, represented
as a set of heterogeneous hypergraphs over time:

G Gt t T 2

where T denotes the set of discrete time points, with t representing 
each time point. G represents the complete hypergraph collection, 
and each G t represents a hypergraph instance constructed from
press-fitting data at time t. The definition of Gt is as follows:

Gt Vt et W t 3

where Vt denotes the set of nodes, et represents the set of hyper-
edges, and Wt is the weight matrix. |Vt| indicates the number of
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Fig. 2. QS-HGNN architecture.
nodes, and |et| denotes the number of hyperedges. The incidence 
matrix H R |Vt|× |et| represents the connectivity between
neighborhoods:

H v e 
1 when v e 
0 when v R e

4

where v e indicates that node v is connected through hyperedge e. 
The incidence matrix captures the topology of the hypergraph. In
this study, the topology is determined based on expert knowledge
of the manufacturing process.

In feature learning tasks with hypergraph structures, convolu-
tion operations extract local node information. A single-layer 
hypergraph convolutional network captures node features within 
the first-order neighborhood—information from nodes directly 
connected to the target node. In contrast, a two-layer hypergraph 
convolutional network captures node features within the second-
order neighborhood, including information from the neighbors of
the target node’s neighbors. This study employs a two-layer hyper-
graph convolutional neural network to obtain node feature
representations.

For each manufacturing step, the spatial domain hypergraph 
convolution models higher-order relationships through a two-
step information propagation mechanism: the first step involves 
feature propagation from nodes to hyperedges, with each hyper-
edge aggregating features from all connected nodes to obtain its
representation; the second step involves aggregation from hyper-
edges back to nodes, where each node updates its representation
by aggregating features from the hyperedges to which it belongs.
5

Thus, the spatial domain hypergraph convolution can be defined
as follows:

m l e t v Nv e M l v x l v t 

y l e t U l e We t m l e t 

Step 1 

m l 1 
v t e N e v M l

e x l
v t y l

e t

x l 1
v t U l

v x l
v t m l 1

v t

Step 2

5

Here, Nv(e) denotes the node neighborhood set of hyperedge e. Sim-
ilarly, and Ne(v) denotes the hyperedge neighborhood set of node v. 
The topologic al information of these graphs remains constant over
time. The subscript t distinguishes values that vary at different time

points is the feature of node v at layer l and time t, is the 
aggregated message from all nodes connected to hyperedge e, We,t

is the hyperedge weight, and is the updated hyperedge feature.

is the message passed back to node v, and is the updated 
node feature. The two-step message-passing process operates as 
follows: Step 1 aggregates node features into hyperedge representa-

tions via the node message function and the hyperedge update
function Step 2 propagates hyperedge information back to 
nodes via the hyperedge message function and the node update
function

The four message and update functions are defined as normal-
ization and weighted aggregation operations. The function r( )

x l v t m l e t

y l e t

m l 1 
v t x l 1 

v t

M l v 
U l e ;

M l e 

U l v .
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denotes a nonlinear activation function. Using the incidence matrix 
H of the hypergraph, along with the node degree matrix Dv and the
hyperedge degree matrix De:

Dv diag e 
j 1H i j i 1 2 V 

De diag V 
i 1H i j j 1 2 e

6

Let denote the node feature matrix at time t and layer l, the 
two-step hypergraph convolut ion at layer l + 1 can be expressed in
matrix form as:

V l 1 
t r D 

1 
2 

v HW tD 1 
e H

TD
1
2

v V l
t 7

where symmetric two-sided normalization is adopted to enhance 
the model’s stability and numerical representation capability.

In subsequent computations, the activation function within the 
hypergraph convolution layers is removed. This decision is based 
on the observation that the commonly used Rectified Linear Unit 
(ReLU) activation function in mainstream hypergraph convolu-
tional networks behaves as a linear function in the positive 
domain. Additionally, this study retains nonlinear activation func-
tions in downstream tasks, where nonlinear transformations effec-
tively capture the data’s features. Therefore, adding activation
functions within the convolutional layers increases computational
overhead and may introduce redundant nonlinear transformations.
This simplification maintains the model’s representational capacity
while enhancing computational efficiency. The simplified formula-
tion is expressed as:

V 2 
t D 

1 
2 

v HW tD 1 
e H

T D 
1 
2 

v D 
1 
2 

v HW tD
1

e HTD
1
2

v V 0
t 8

where, both Dv and De are diagonal matrices, defined as follows:

H D 
1 
2 

v H W W tD 1 
e HT HTD

1
2

v 9

Eq. (8) can then be expressed as:

V 2 
t HWHT HWHT V 0t 10

Define the transformation matrix ( Q) as:

Q HWHT 11

Then, the convolution formula can be expressed as:

V 2 
t Q 2 V 0t 12

Each manufacturing instance is treated as an independent 
hypergraph. In this hypergraph, the formation of process quality 
closely parallels the information aggregation mechanism in hyper-
graph convolution; the quality is influenced by process parameters 
and process variables, similar to how a target node updates its rep-
resentation by aggregating information from its neighborhood in 
hypergraph convolution. Based on this isomorphism, process 
parameters and process variables serve as the initial feature values 
of the input nodes, while quality indicators correspond to the fea-
ture values of the target nodes after two layers of hypergraph
convolution-based information aggregation. This modeling
approach aligns with the physical essence of information flow
and influence transmission in manufacturing processes, where
the input nodes comprise n1 nodes representing process parame-
ters and process variables, and the target nodes include n2 nodes
related to quality indicators. The initial feature values of the target
nodes are set to 0.

For computational convenience, the feature values of the pro-
cess parameter and process variable nodes are defined as the first 
n1 rows of the graph-structured data Vt, while the target nodes
occupy the last n2 rows. The index set of the last n2 rows is denoted
as S. Thus:

V l t 
6

V 2 
t S Q 2 S V 0

t 13

The solution is obtained using the Moore–Penrose
pseudoinverse:

Q 2 S V 2 
t S V 0

t 14

To simplify the calculation, define as: 

Q 2 
partial Q 2 S 15

Therefore, the weight matrix at time t is obtained as:

W t WD  
1 
2 
e Hpartial Qpartial H T D

1
2
e 16

where H~partial = H~[S,:]. The weight matrix Wt describes the cou-
pling strength between process parameters, process variables, and 
quality indicators at time t. Through graph convolution-based dis-
crete solving, the collection of weight matricesW reflecting the sys-
tem at each time point is obtained:

W W t t T 17

Qpartial 
3.4. Time series modeling

Time series modeling is conducted using the weight matrices to 
characterize the progressive evolution of the interaction strengths 
among various elements in the press-fit assembly system. Specifi-
cally, a historical window of size w is defined, and the weight 
matrices in the sliding time window {Wt−w, , Wt−1} are used to
predict the weight matrix at the next time point,Wt. Here, an LSTM
model is employed to model the historical data:

W t f LSTM W t w W t 1 18

where fLSTM represents the LSTM network, and Ŵ t denotes the pre-
dicted weight matrix at time t.

Next, combining the initial node features xt at time t and the 
hypergraph incidence matrix H, the assembly quality (ŷt) at time
t is predicted using hypergraph convolution, expressed as:

y 1 
t r D 

1 
2 

v HW tD 1 
e H

TD
1
2

v x 0
t H

y t r D 
1 
2 

v HW tD 1 
e H

T D
1
2

v y 1
t H 19

where H represents the parameters to be learned by the model. The 
model is optimized by minimizing the deviation between the pre-
dicted values ŷ and the true assembly quality indicators y. The loss
function is defined as:

LG 
1 
N 

N 

i 1 
y i yi

2 20

where ŷi is the predicted value of the model, yi is the experimen tally
obtained true value, and N is the total number of samples.

By leveraging physics-informed neural networks (PINNs), the 
QS-HGNN incorporates physical constraints. By embedding mech-
anistic relationships among manufacturing process parameters, 
process variables, and process quality into the modeling process, 
this framework integrates data-driven predictions of quality indi-
cators with physical models and constraints to refine predictions.
The physical constraints used in this study derive from our previ-
ous research on the mechanical analysis of the press-fitting process
[26,27]. A cascaded ultitask physics-informed neural network (CM-
PINN) loss term is defined as follows:

LPINN 
1 
N 

N 

i 1 
ydamage i yPINNdamage i

2
21

(LG) 

(LPINN) 
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where is the predicted quality value by the model and
is the predicted value calculated based on the mechanistic 

relations hips. The final total loss function is expressed as:

L aLG bL CM-PINN 22

where a and b are hyperparameters that balance the importance of
each loss component. The hypergraph loss term captures impli-
cit, experience-driven patterns from industrial data, while the
physics-informed loss term ensures basic physical consis-
tency derived from mechanistic analysis. Recent studies have 
explored embedding physical structures directly into neural net-
work architectures for intelligent manufacturing, providing valu-
able insights and representing a promising direction for future
work [28,29]. 

Compared with traditional HGNNs, which require learning the 
weight matrix during training, the QS-HGNN directly obtains it 
from discretized solutions. This design restricts the model’s train-
able parameters to three components: the LSTM model parameters
for time-series evolution (Eq. (18)), the hypergraph convolution 
parameters at time t (Eq. (19)), and the weighting coefficients in 
the loss function (Eq. (21)). This structure enables effective learn-
ing under small-sample conditions, addressing the high sample
acquisition costs in industrial scenarios.

3.5. Construction of the press-fitting system graph structure

Based on the actual scenario of rubber bushing press-fitting, this 
study constructs a hypergraph with 12 nodes (n1–n12)  and  4  hyper-
edges (e1–e4) to represent the relationships among various factors 
during the press-fitting process. The force sequence node is repre-
sented by temporal features extracted via an LSTM network; the 
image node by visual f eatures extracted via a pre-trained convolu-
tional neural network (VGG16); and the other numerical feature
nodes are standardized and normalized (Fig. 3(a)).

The design of the four hyperedges is based on the physical 
mechanisms of the rubber bushing press-fitting process and engi-
neering domain knowledge, validated through data correlation
analysis (Table 1).

The engineering significance of the hyperedge structure lies in 
its ability to encode relationships between influencing factors 
and quality outcomes, clearly expressing which factors affect
assembly quality and how they are coupled (Fig. 3(b)). Hyperedge 
e1 connects process parameters (press-fitting date, environmental 
temperature, press-fitting velocity, bushing shaft diameter, and 
inner hole diameter) with observation data nodes (force–displace-
ment curves and press-fitting images), indicating that process
parameters collectively impact observation data, which also com-
plement each other. As detailed in Section 4.1, force–displacement 
curves reflect factors that are difficult to measure directly (e.g., 
instantaneous friction changes), while image data captures defor-
mation states and surface lubrication conditions. Hyperedge e2 

connects environmental temperature, bushing shaft diameter, 
inner hole diameter, and damage status nodes, highlighting that
geometric dimensions and environmental temperature are key fac-
tors influencing the structural integrity of the bushing. The corre-
lation analysis in Table 1 shows that the bushing shaft diameter 
has the highest correlation coefficient (0.317) with structural dam-
age among all process parameters, supporting this design. Hyper-
edge e3 connects force–displacement curves, press-fitting images, 
and damage status nodes, as process variables are also important 
references for detecting press-fitting abnormalities in addition to
preset process parameters. Hyperedge e4 connects force–displace-
ment curves, press-fitting images, over-press distance, back-press
distance, overflow distance, and track shoe position nodes, since
press-fitting quality evaluation metrics relate to both process vari-

ydamage i 

yPINN 
damage i

LG 

LCM-PINN 
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ables and final-stage process parameters, with intrinsic correla-
tions among these evaluation indicators. This is confirmed by
Table 1, where over-press and back-press distances show strong 
correlations with overflow distance (0.586 and 0.594, respec-
tively). This physics-informed hyperedge design effectively
embeds domain knowledge into the graph structure.

3.6. Principle comparison with static and dynamic hypergraphs

Existing HGNN methods have limitations in handling quasi-
static problems because they fail to capture unique characteristics.
Static HGNNs (Fig. 4(a)) use fixed hypergraph structures and 
weights, assuming system properties remain constant, which pre-
vents them from characterizing long-term progressive evolution.
Dynamic HGNNs (Fig. 4(b)) introduce temporal modeling mecha-
nisms to capture dynamic changes but require large amounts of 
training data. Their training involves global-temporal modeling of 
node features, hypergraph structures, and associated weights 
simultaneously, resulting in low utilization of domain knowledge. 
This includes time-invariant node data and time-variant hyperedge
data in the temporal analysis framework, obscuring true evolution-
ary patterns and preventing the model from focusing on the pro-
gressive variation in relationship strengths, thereby leading to
high training costs.

The QS-HGNN, based on the quasi-static assumption, performs 
temporal modeling only on the weight matrices (Fig. 4(c)) while 
keeping the graph topology stable. This design captures the pro-
gressive evolution characteristics of relationship strengths within 
the manufacturing system and significantly reduces parameter 
complexity. It achieves an optimal balance between modeling 
accuracy and computational efficiency under small-sample condi-
tions, making it well-suited to the inherent nature of manufactur-
ing process systems where functions remain relatively stable while
performance changes dynamically.

4. Experimental system and data preparation

4.1. Intelligent press-fitting system setup

As discussed in Section 2.3, uncertainty factors in the press-
fitting process are reflected in the dynamic response data. Active 
data collection included conventional force–displacement curves 
and images captured throughout the press-fitting operation to
gather richer process information. This approach provides a pro-
cess modeling method that integrates static process parameters
with dynamic process data.

The force–displacement curve is a critical dynamic paramete r
during the press-fitting process (Fig. 5), recording the real-time 
variation in force and displacement. It reflects material deforma-
tion, stress changes, and potential defect formation. Each curve 
represents a complete press-fitting cycle. Differences among
curves obtained under identical process parameters can indicate
hard-to-measure factors, such as instantaneous changes in friction
coefficients or transient states of the press-fitting equipment.

Image data, another key information source, visually captures 
geometric shape changes, surface features, and potential anomalies 
during the press-fitting operation. Images taken during the pro-
cess, particularly those capturing the rubber press-fitting into the
pin hole, provide two key types of visual information, Fig. 5(d): 

(1) Deformation state analysis: Under normal conditions, the 
rubber bushing should show a symmetrical deformation
pattern. Fig. 5(d) highlights abnormalities, including local-
ized protrusions (yellow circle) and abnormally narrow gaps
between adjacent bushings (red circle), which indicate
potential assembly issues.
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Fig. 3. Hypergraph structure of the rubber bushing press-fitting process model: (a) meaning of the nodes; and (b) hypergraph representation of the press-fitting process
model.

Table 1 
Correlation analysis between process parameters and quality indicators.

Process parameters Overflow 
distance 

Track shoe
position

Structural 
integrity 

Environment temperature −0.165 0.265 0.079 
Press-fitting velocity 0.434 −0.290 0.041 
Over-press distance 0.586 0.355 0.050 
Back-press distance 0.594 0.134 0.038 
Bushing shaft diameter 0.185 −0.026 0.317
(2) Surface lubrication condition assessment: The surface reflec-
tivity characteristics of the rubber bushing serve as a crucial
indicator for evaluating lubrication conditions. In Fig. 5(d), a 
well-lubricated bushing exhibits uniform surface gloss, 
whereas insufficient lubrication results in reduced gloss 
and localized dark areas, indicating a risk of excessive fric-
tion during press-fitting.

4.2. Dataset constructi on

Prior to dataset construction, three types of raw data are pre-
processed: force–displacement curves are encoded using an LSTM 
network, images are processed via a VGG16-based transfer learn-
ing pipeline, and numerical parameters are standardized using Z-
score normalization (details in Section S1 (data preprocessing) in 
Appendix A).

Historical data embodies inherent patterns of system perfor-
mance evolution. To effectively utilize this historical data and cap-
8

ture the progressive evolution characteristics of the press-fitting 
system, this study employs a sliding time window method to con-
struct the dataset, combining features from multiple consecutive 
press-fitt ing cycles into a single sample. Each press-fitting cycle
is assigned a standardized timestamp by calculating the time dif-
ference relative to a reference time : 

Ti 
Ci C0 

D t 23

where Ci is the sampling time, C0 is the selected reference time, and 
Dt is the time unit (e.g., day, hour, or minute).

The time series dataset is constructed using a sliding time win-
dow Fig. 6(a). For a fixed window size w and prediction time tn, the 
input to the prediction model consists of two parts: historical 
press-fitting data from tn-w to tn-1, to capture the long-term evolu-
tionary trend of the system, and the process parameters and data 
at time tn, to obtain the real-time state of the current manufactur-
ing process. The model’s prediction target is the process quality at
time tn. This construction integrates the system’s long-term evolu-
tionary trend with its instantaneous state (Figs. 6(b) and (c)), and 
enables data augmentation by varying the window size.

The dataset was collected from an industrial press-fitting pro-
duction line from September 21, 2023, to June 13, 2024, covering 
approximately 10 months of operations. A total of 200 press-
fitting cycles were recorded, following the factory’s production
schedule, resulting in a non-uniform distribution over time. Each
timestamp corresponds to one complete press-fitting cycle, which
includes the sequential pressing of eight bushings. After applying

(Ti)
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Fig. 4. Comparison of the three types of hypergraph networks: (a) static hypergraph; (b) dynamic hypergraph; and (c) quasi-static hypergraph.
the sliding time window strategy with w = 30, 170 samples were 
generated for model training and evaluation. The selection of 
w = 30 balances the capture of sufficient evolutionary patterns
with the need for adequate training samples; corresponding sensi-
tivity analysis is provided in Section S2 in Appendix A. During each 
press-fitting cycle, the force–displacement signal was sampled at 
0.5 s intervals, and the press-fitting velocity varied from 8 to
25 mm s−1 to cover diverse conditions.

5. Offline evaluation of model’s performance

In this section, the proposed model’s performance and advan-
tages are validated using the press-fit manufacturing process of
the track shoe, a key component of tracked vehicles, as a case
study.

Offline experiments were conducted using 170 samples con-
structed in Section 4.2. Each sample contains multi-dimensional 
information, including force–displacement curve data, press-
9

fitting process images, environmental temperature, shaft diameter, 
press-fitting velocity, over-press distance, back-press distance, 
damage status, rubber bushing overflow distance, and track shoe
position. The data was split into training and testing sets at an
80:20 ratio.

The QS-HGNN model was implemented in Python 3.8.0 and 
PyTorch 1.13.1, and trained on a server equipped with an NVIDIA 
RTX 4090 GPU (NVIDIA Corporation, USA) and 80 GB of memory.
The Tanh activation function, Xavier initialization, and Adam opti-
mizer (learning rate = 0.001) were used for training.

5.1. Model validation and analysis based on comparative experiments

Based on the trained models, predictions and analyses were 
conducted on three key indicators of assembly quality. As shown
in Fig. 7, the QS-HGNN demonstrates strong accuracy and consis-
tency across multiple prediction tasks. For the regression predic-
tions of the track shoe position (Fig. 7(b-i)) and the overflow

move_f0035
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Fig. 5. Construction of the intelligent press-fitting system: (a) system hardware; (b) controllable influencing factors and process parameters that can be collected; (c) force–
displacement curves collected during the press-fitting process; and (d) image data of the rubber bushing captured during the press-fitting process.
distance (Fig. 7(b-ii)), the predicted values closely align with the 
actual values, with coefficient of determination R2 values of 
84.64% and 85.2%, respectively. In the classification task for struc-
tural integrity prediction (Fig. 7(b-iii)), the model achieved 100% 
accuracy in distinguishing between ‘‘intact” and ‘‘damaged” states, 
correctly identifying all 25 intact samples and 10 damaged sam-
ples. This high accuracy is mainly attributed to the introduction 
of the physics-informed CM-PINN loss constraint, which signifi-
cantly enhanced the model’s classification capability for structural
integrity, further validating the importance of incorporating phys-
ical constraints to improve model performance.

To demonstrate the superiority of the proposed model, it was 
compared with static and dynamic HGNNs under the same 
limited-data industrial setting. For the static HGNN, the prediction
of unknown nodes is completed by randomly initializing the
weight matrix and optimizing it during training, as shown in
Fig. 7(c). In the dynamic HGNN, after aggregating and updating 
node features, the entire graph is temporally modeled to predict
the unknown nodes at the current time, as illustrated in Fig. 7(d). 
Experimental results indicate that the static HGNN yields the low-
est R2 values (36.7% for track shoe position, 46.97% for overflow 
distance) due to its fixed weight matrix, which cannot account 
for the progressive performance evolution observed in the 10-
month production dataset. The dynamic HGNN achieves moderate
R2 values (61.94% and 31.12%) but exhibits unstable predictions,
particularly for overflow distance. Its global temporal modeling
of all node features and graph structures requires more parameters
than the 170 samples can effectively support. In contrast, the QS-
10
HGNN achieves the highest prediction accuracy (84.64% and 
85.2%) with 100% structural integrity classification. Its compact 
structure—fixing the topology while modeling the evolution of
the weight matrix—aligns with the quasi-static nature of the
press-fitting system and maintains a manageable parameter space
with limited data.

To further compare the performance of these three networks, an 
analysis of their loss function training curves (Fig. 8) reveals that 
the dynamic HGNN exhibits significant fluctuations during train-
ing, with large and unstable loss value oscillations. The static 
HGNN shows a relatively smooth decline in loss, but the final con-
verged loss value is high, suggesting limited fitting capability. In 
contrast, the QS-HGNN maintains a stable training process while 
achieving a lower final loss value, indicating good convergence
performance. The R2 trends corroborate these findings: the
dynamic hypergraph’s R2 fluctuates dramatically despite high
peaks; the static hypergraph’s R2 remains stable but low; the QS-
HGNN’s R2 rises steadily to a high level with consistent stability.

In addition to the comparative experiments, ablation studies were 
conducted to evaluate the necessity of differ ent components in QS-
HGNN (detailed results in Section S 3 in Appendix A). Selectively 
removing multimodal inputs and the CM-PINN constraint confirmed 
that force–displacement curve features, image features, and the 
physics-informed constraint all significantly contribute to prediction 
accuracy—in particular, removing the CM-PINN constraint caused 
pronounced degradation in track shoe position and bushing end-
face position predictions. Further experiments targeting the hyper-
graph structure—removing hyperedge e3, adding a fully connected
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Fig. 6. Time series dataset of the QS-HGNN: (a) method of dataset construction; and (b, c) application of the dataset in QS-HGNN. fi denotes the ith feature dimension of each
node.
redundant hyperedge e5, and removing multimodal nodes—demon-
strated that the expert knowledge-based sparse topology outper-
forms indiscriminate full connection, with each hyperedge design
making an irreplaceable contribution to model performance.

6. Digital twin deployment and online performance evaluation

6.1. Digital twin system

The QS-HGNN-based press-fitting process model is deployed 
into the twin intelligent press-fitting system to verify its effective-
11
ness (Fig. 9). The system consists of a physical part on the right— 
the ‘‘twin intelligent press-fitting system”—and a digital part on 
the left—the ‘‘process system twin model.” The physical part 
employs multi-source sensors to monitor key parameters of the 
press-fitting process in real time, including force, displacement, 
temperature, and visual information; the press-fitting results are
evaluated through image analysis, providing feedback for the sys-
tem. In the digital part, the global perception module receives and
preprocesses multimodal data from the physical system, while the
incremental decision-making framework, based on a recurrent
structure, achieves dynamic decision optimization. The operation
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Fig. 7. Assembly quality prediction results of different hypergraph modeling strategies: (a-i)–(a-iii) quality indicator illustration; (b-i)–(b-iii) QS-HGNN; (c-i)–(c-iii) static
HGNN; and (d-i)–(d-iii) dynamic HGNN. Rows correspond to track shoe position, overflow distance, and rubber bushing integrity, respectively.
of the twin intelligent press-fitting system follows a complete
closed-loop mechanism comprising five key stages:

(1) Parameter acquisition stage: After loading the track pin, the 
industrial camera captures images to calculate the shaft diameter 
and pinhole diameter, while the temperature sensor collects envi-
ronmental temperature, providing input conditions for subsequent
process parameter optimization.

(2) Initial parameter optimization stage: The assembly quality 
optimization model generates preliminary press-fitting process 
parameters based on the input conditions and determines the opti-
mal press-fitting velocity.

(3) Press-fitting execution stage: The main piezoelectric cylin-
der executes the press-fitting at the determined velocity; force 
and displacement sensors collect force–displacement data in real
time, and the industrial camera captures key-frame images of the
process.

(4) Dynamic parameter optimization stage: The system inputs 
the force–displacement curves and process images from the first 
six bushings into the optimization model for multimodal fusion 
analysis, outputting the over-press distance and back-press dis-
tance parameters for the final bushing. Due to a 5 s operation
gap between completing the sixth bushing and starting the eighth,
this time window suffices for data collection and processing with-
out significant delay.

(5) Quality assessment and model update stage: After press-
fitting is completed, quality assessment is performed, and the com-
12
plete data are recorded into an incremental learning database. The 
model is periodically updated to enable continuous evolution,
forming a complete closed-loop control system.

Digital twin systems in manufacturing are applied at various 
lifecycle stages. During system design and commissioning, digital
twins are used for system validation and to identify inefficiencies
before deployment [30]. In the system operation stage, they sup-
port performance monitoring and adaptive decision-making under 
long-term production conditions. The twin intelligent press-fitting 
system in this study targets the operation stage, modeling perfor-
mance evolution due to accumulated process-related factors and
enabling adaptive process parameter optimization during ongoing
production.

6.2. Decision model and model update mechanism

In this study, the optimization stage is formulated as a model-
based reverse decision process that utilizes the learned dynamic 
evolution model and also validates its effectiveness under evolving 
process conditions. Based on the aforementioned prediction model, 
the final assembly quality is influenced not only by static parame-
ters (such as workpiece geometric parameters Xgeo and environ-
mental parameters Xenv), but also by process variables. Therefore,
the assembly quality q can be expressed as a multivariate function:

q f QS-HGNN Xgeo Xenv v pg pf do db t
24
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Fig. 8. Comparison of loss function and R2 during training of three hypergraph networks: (a) static hypergraph; (b) dynamic hypergraph; and (c) quasi-static hypergraph.

Fig. 9. Twin intelligent press-fitting system centered on quality prediction model. tk denotes the kth time point.

13
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where Xgeo denotes the geometric parameters of the assembly, 
including the bushing diameter and the inner diameter of the track 
shoes, Xenv represents the environmental parameter, including the 
environment temperature and press-fitting date, v represents the 
press-fitting velocity, p =  {pg, pf} collectively represents the process
variables, including image information pg and force–displacement
curves pf , and d = {do, db} denotes the press-fitting displacement
parameters, including the over-press distance do and back-press
distance db.

To fully utilize the process variables gradually generated during 
the press-fitting process, this study proposes a stepwise decision
strategy that divides the overall decision-making into two opti-
mization stages (Fig. 10). Specifically, there are a total of 8 rubber 
bushings fixed on the track pin that need to be pressed sequen-
tially. Before press-fitting begins, the model first makes an initial
decision on the press-fitting velocity Vini based on static
parameters:

v ini f ini Xgeo X env t 25

where fini (∙) is a lightweight multilayer perceptron (MLP) used to 
generate the initial press-fitting velocity from these static
parameters.

Then, during the press-fitting execution, the system continu-
ously collects press-fitting force–displacement curves and key-
frame press-fitting images in real time. After completing the 
press-fitting of six bushings (used to accumulate sufficient process 
information), data collection is paused, and these observed inter-
mediate process variables p are fed into the trained forward predic-
tion model fQS-HGNN. The final-stage process parameters, denoted
by d, are determined by solving the following optimization
problem:

d argmin 
d 

fQS-HGNN Xgeo Xenv v ini p d t y 2 26

where y* denotes the target assembly quality.
Based on these characteristics, this study adopts a combined 

reinforcement and incremental learning approach (Fig. S3 in 
Appendix A). The forward prediction layer models the mapping 
between process parameters and assembly quality, while the 
decision-making layer optimizes process parameters. A closed-
loop optimization mechanism forms between the two layers 
through feedback from actual assembly quality: the improved 
accuracy of the prediction layer provides reliable decision support
for the decision-making layer, and the optimization by the
decision-making layer generates new data to enhance the predic-
tion layer’s performance. These components depend on each other
and jointly influence the final optimization results.

The system adopts a ‘‘simulation-first, real-deployment-later” 
scheme: the decision model is first pre-trained in a virtual environ-
ment constructed by the QS-HGNN to generate simulated experi-
ences Esim(st, at, rt, st’), where st denotes the assembly state at 
time t, at denotes the process parameters (action) selected by the 
policy function p(a|s), rt denotes the reward calculated by the value 
learning module, and st’ denotes the resulting assembly state after
executing at. Then deployed to the real system for fine-tuning
using actual experiences Ereal(st, at, rt, st’). This approach signifi-
cantly reduces raw material consumption while enabling efficient
policy optimization.

As assembly equipment operates, the relationship between pro-
cess parameters and quality dynamically evolves. An incremental 
learning mechanism iteratively updates the model by integrating
new assembly data with historical data (indicated by the red solid
arrow in Fig. S3 in Appendix A). A parameter-selective training 
strategy updates only selected key parameters in the base model
while keeping the majority frozen to prevent catastrophic
forgetting.
14
An experience replay buffer with FIFO updating and stratified 
sampling (30% recent, 70% historical) manages training data, com-
bined with time-decay weighting and a performance monitoring
mechanism that triggers early stopping and model rollback if val-
idation performance degrades.

6.3. Model performance after deployment

A total of 63 press-fitting operations were conducted, and four 
key press-fitting quality indicators were recorded and analyzed: 
track shoe position, bushing position, presence of overflow, and 
presence of damage. The experiments were divided into two 
groups: ① baseline group: 27 press-fitting tests without optimiza-
tion, serving as a reference for evaluating optimization effects; ② 
incremental optimization group: 36 press-fitting tests applying
the incremental optimization model based on the QS-HGNN. To
assess the effectiveness of the model update method for the digital
twin system, incremental optimization experiments were com-
pleted over 6 working days, with 6 complete press-fitting tests
conducted daily to evaluate the model’s performance trend as data
accumulated.

Based on the assembly quality indicators defined in Fig. 11(a), a 
comparative analysis using box plots evaluated the performance of 
the non-optimized and incremental optimization schemes on key
assembly quality indicators (Fig. 11(b)). The results show that 
the incremental optimization scheme significantly improved 
assembly accuracy: the deviation of the track shoe position con-
verged from a dispersed state under the non-optimized scheme 
to a concentrated distribution, the median deviation of the rubber
bushing position approached −0.2 mm with reduced spread, and
the amount of overflow was significantly controlled.

From the qualification rate statistics (Fig. 11(c)), the qualifica-
tion rate for track shoe position increased from 70.3% to 100%; 
overflow status rose from 81.48% to 100%; and damage status 
improved from 88.89% to 100%. The qualification rate for rubber 
bushing position remained stable at 100% across all schemes, 
attributed to the elastic rebound deformation of the bushing that
consistently returns it to a qualified position, indicating this
parameter is insensitive to the optimization strategy. These results
confirm the significant effect of the proposed method in enhancing
overall system performance.

After deploying the model into the digital twin environment 
and updating it with new data, continuous performance improve-
ment is achievable. As shown in Fig. 11(d), before applying the pro-
posed method, the accuracy of track shoe position and overflow 
indicators fluctuated greatly with a probability of failure; after 
model deployment and continuous updating, all quality indicators 
stabilized , and overall assembly quality significantly improved.
This confirms the model’s effectiveness in adapting to changes in
the production environment and achieving continuous improve-
ment in assembly quality.

These experimental results demonstrate that deploying the pro-
posed process quality prediction model in the twin intelligent 
press-fit system yields clear superiority across multiple key indica-
tors, proving the model’s adaptability and sustained optimization
performance in dynamic production environments.

6.4. Discussion on the generalizability of the modeling method

The proposed QS-HGNN is applicable not only to the rubber 
bushing press-fitting system but also exhibits broad generalizabil-
ity, extending to various manufacturing process systems and 
industrial scenarios. Progressive performance evolution phenom-
ena, such as equipment wear, material aging, and environmental
fluctuations, are common in manufacturing systems. The QS-
HGNN’s quasi-static assumption (microscopically static, macro-
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Fig. 10. Press-fitting process parameter decision based on quality prediction model.
scopically dynamic) aligns well with these time-varying character-
istics. In scenarios such as metal cutting, injection molding, and 
welding processes, the correlation strength between process 
parameters and quality indicators typically changes gradually. 
QS-HGNN effectively captures these evolving patterns through dis-
cretized weight matrix solving and LSTM-based temporal model-
ing. Additionally, the hypergraph structure of QS-HGNN can 
flexibly incorporate domain knowledge, explicitly representing 
multi-factor coupling relationships. This makes it suitable for com-
plex process systems, such as multi-step collaborative assembly 
and composite material forming, thereby preventing information
loss associated with traditional flat neural networks that overlook
higher-order interactions. Its superior performance under small-
sample conditions makes it particularly advantageous for high-
cost industrial applications with limited data volumes, such as
aerospace-critical component manufacturing. In the future, QS-
HGNN can be extended to scenarios such as equipment health
management, where its ‘‘structurally stable + dynamically
15
weighted” modeling framework provides a universal paradigm
for intelligent modeling of dynamic systems.

7. Conclusi ons

This study addresses challenges in dynamic performance evolu-
tion and small-sample data modeling in manufacturing process 
systems by proposing a QS-HGNN modeling approach, validated
through its application to the rubber bushing press-fitting system.
The main conclusions are as follows:

(1) This study proposes a quasi-static assumption of ‘‘micro-
scopic static–macroscopic evolution” for manufacturing process 
system performance. Based on this assumption, a QS-HGNN mod-
eling method is developed. This method explicitly represents mul-
tivariate correlations among process parameters through a
hypergraph structure, achieves spatial correlation modeling via
discretized weight matrix solving, and captures temporal evolution
with an LSTM temporal mechanism. It effectively balances model
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Fig. 11. Comparison of process quality before and after deploying the quality prediction model into the digital twin intelligent press-fitting system: (a) quality indicator
illustration; (b) comparison of three quality indicators; (c) comparison of pass rates; (d) variation of process quality over the days of operation.
complexity and accuracy, overcoming traditional dynamic models’
dependence on large datasets.

(2) The modeling approach is validated on the rubber bushing 
press-fitting process of tracked vehicles. A multimodal data pro-
cessing method integrates force–displacement curves, image data, 
and process parameters. By introducing PINN constraints, the mod-
el’s generalization ability under small-sample conditions is 
enhanced. Training with process parameters, variables, and quality 
data from the rubber bushing press-fitting process, comparative
studies demonstrate that QS-HGNN achieves higher modeling
accuracy than traditional static and dynamic hypergraph networks.
The loss curve shows that QS-HGNN maintains a stable training
process while achieving a lower final loss value, exhibiting excel-
lent convergence performance.

(3) The QS-HGNN model is deployed in an intelligent digital 
twin system for rubber bushing press-fitting. Centered on the qual-
ity prediction model proposed here, the system enables dynamic 
optimization of process parameters based on QS-HGNN through 
incremental learning, forming a complete closed loop from predic-
tion modeling to process optimization and model updating. Exper-
imental results show that after process optimization using this
method, the dispersion of key product quality indicators decreases
by 40%, and the quality pass rate improves from 70.3% to 100%, ver-
ifying the effectiveness and practicality of the QS-HGNNmethod in
manufacturing process system modeling and optimization.

In summary, the QS-HGNN modeling method proposed in 
this study provides a novel th eoretical approach for digital
16
twin modeling of manufacturing process systems with 
dynamic performance evolution and offers a feasible technical 
solution to the challenge of small-sample dynamic modeling 
in industrial scenarios. This work holds signi ficant theoretical
and practical value for advancing the field of intelligent
manufacturing.
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