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Abstract	

Dynamic	and	highly	resource‐coupled	shipbuilding	workshops	are	highly	susceptible	to	
cascading	effects	stemming	from	local	perturbations,	often	leading	to	global	scheduling	
failures.	While	Digital	Twin	 (DT)	 technology	offers	a	solution,	most	existing	research	
focuses	on	"reactive"	rescheduling	after	a	perturbation	occurs,	lacking	the	capability	for	
"proactive"	prediction	and	modeling	of	the	perturbation	propagation	process.	To	bridge	
this	 gap,	 this	 paper	 proposes	 a	 novel	 hybrid	 model	 (AGNN‐CA)	 that	 integrates	 an	
Attention‐based	 Graph	 Neural	 Network	 (GNN)	 with	 Cellular	 Automata	 (CA),	 deeply	
embedded	within	a	DT	framework.	First,	the	manufacturing	workshop	is	abstracted	as	a	
heterogeneous	graph,	where	nodes	(workstations,	tasks,	materials)	and	edges	(process	
flows,	material	flows)	possess	multi‐dimensional	attributes.	An	attention‐based	GNN	is	
employed	 to	 learn	 the	 complex	 spatio‐temporal	 dependencies	 within	 the	 graph,	
enabling	accurate	prediction	of	the	initial	perturbation	state	at	individual	workstations.	
Subsequently,	these	predictions	serve	as	the	initial	conditions	for	a	Cellular	Automata	
model,	where	each	cell	represents	a	manufacturing	resource.	The	state	transition	rules	
of	 the	 CA	 are	 defined	 by	 process	 constraints	 and	 resource	 competition	 dynamics,	
simulating	the	propagation	process	and	impact	scope	of	the	perturbation	throughout	the	
workshop	network.	Experiments	based	on	 real‐world	 ship	block	assembly	workshop	
data	 show	 that	 the	 proposed	 model	 achieves	 an	 accuracy	 of	 94.2%	 in	 predicting	
perturbation	 propagation	 paths.	 More	 importantly,	 it	 identifies	 affected	 bottleneck	
stations	25%	earlier	than	baseline	models	(e.g.,	pure	simulation	or	traditional	machine	
learning	models),	providing	a	critical	time	window	for	proactive	scheduling	decisions.	
This	research	presents	a	new	paradigm	of	data‐driven	and	mechanism‐model	fusion	for	
disturbance	management	in	complex	manufacturing	systems.	
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1. Introduction	

The shipbuilding industry is a quintessential example of complex, engineer-to-order 
manufacturing. Its workshops are characterized by intricate processes, tightly coupled 
resources, and a volatile environment, making them vulnerable to various internal and external 
perturbations, such as machine breakdowns, material shortages, and quality issues [1]. A 
critical challenge lies in the fact that a local disturbance can propagate along process routes, 
triggering a "domino effect" that ultimately disrupts the entire production system, causing 
delays and cost overruns [2]. 



Scientific	Journal	of	Technology																																																																																																																									Volume	7	Issue	11,	2025	

ISSN:	2688‐8645																								

74 

Digital Twin (DT), a virtual replica of a physical system synchronized with real-time data, has 
emerged as a powerful tool for shop-floor management [3]. However, the current application 
of DT in manufacturing, including shipbuilding, predominantly remains at the level of "reactive" 
control—monitoring the physical system and rescheduling only after a disturbance has been 
detected and its impact has already manifested [4]. This paradigm lacks "foresight," the ability 
to anticipate how a small issue might evolve into a major disruption. 
To achieve proactive control, two core scientific problems must be addressed: (1) 
accurately predicting the occurrence of initial perturbations at their source, and (2) 
effectively modeling the dynamic propagation process of these perturbations through the 
complex network of shop-floor resources. Existing methods, such as pure Discrete Event 
Simulation (DES), are computationally expensive for real-time prediction and lack learning 
capabilities [5]. Meanwhile, traditional machine learning models often fail to capture the 
complex relational structure of a manufacturing system. 
This paper proposes a hybrid model that synergizes the strengths of Graph Neural Networks 
(GNNs) and Cellular Automata (CA) within a DT framework to provide the needed foresight. 
Our main contributions are: 
1.A novel heterogeneous graph representation of the shipbuilding workshop that 
comprehensively encapsulates entities, relationships, and their attributes. 
2.An Attention-based GNN (AGNN) model that learns to predict initial perturbations by 
dynamically weighting the influence of neighboring nodes in the workshop graph. 
3.A data-mechanism fused Cellular Automata (CA) model that simulates the spatio-temporal 
propagation of perturbations based on learned initial states and predefined transition rules 
derived from domain knowledge. 
4.The deep integration of the AGNN-CA model into a DT closed loop, creating a "predict-
simulate-warn" proactive framework, validated with significant performance improvements 
over strong baselines. 

2. Related	Work	

2.1. Digital	Twin	in	Manufacturing	
Recent years have seen extensive exploration of DT for production scheduling and control. Tao 
et al. [3] outlined the concept of a DT-driven shop floor. While frameworks for real-time 
monitoring and dynamic scheduling have been proposed [4], they primarily function in a 
reactive manner. Our work shifts this paradigm towards prediction and proactive decision-
support. 

2.2. Graph	Neural	Networks	in	Manufacturing	
GNNs have gained traction for their ability to handle non-Euclidean data like graphs. They have 
been applied to job shop scheduling [6] and fault diagnosis. However, most applications use 
standard GCN or GAT models for state estimation or classification, without specifically 
modeling the propagation dynamics of disturbances. Our use of a heterogeneous graph with 
attention mechanism specifically targets the prediction of the perturbation's origin and its 
subsequent spread. 

2.3. Cellular	Automata	for	System	Modeling	
CA is a classic paradigm for simulating complex systems' evolution based on local interactions 
[7]. It has been used in traffic flow and crowd simulation. Its application in manufacturing 
perturbation propagation is limited. We innovate by using the AGNN's output to initialize the 
CA and designing hybrid state transition rules that combine data-driven probabilities with 
physical manufacturing logic. 
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3. Methodology	

The overall architecture of our proposed DT-enabled proactive framework is illustrated in 
Figure 1. It forms a closed loop between the physical and virtual spaces, with the AGNN-CA 
model as the core for predictive analytics. 

 
Fig	1.	The proposed proactive Digital Twin framework with the AGNN-CA core. 

3.1. Heterogeneous	Graph	Modeling	of	the	Workshop	
We model the workshop as a graph G= (V, E, A, R), where V is the set of nodes, E is the set of 
edges, A defines node types, and R defines edge types. 
Node Types A: 
Workstation Node: Attributes include equipment health score (EHS), current queue length, and 
utilization rate. 
Task Node: Attributes include remaining process time, priority, and status. 
Material Node: Attributes include quantity and location. 
Edge Types R: 
Executes: Connects a Workstation to a Task. 
Requires: Connects a Task to a Material. 
Precedes: Connects two Tasks, denoting process sequence. 

3.2. Attention‐based	GNN	for	Perturbation	Prediction	

 
Fig	2.	The architecture of the Attention-based GNN (AGNN) model 
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This component takes the graph G as input and predicts the probability of a perturbation (e.g., 
"delay" or "breakdown") at each Workstation node. The structure of our AGNN model is shown 
in Figure 2. 
For a node i, its representation is updated by aggregating features from its neighbors j∈N(i). 
The attention mechanism computes importance coefficients: 

 
where hi,hj are the input features of nodes i and j, W is a shared weight matrix, a is a weight 
vector, and || || denotes concatenation. These coefficients are normalized via softmax to obtain 
the attention weights αij. 

 
The new representation of node ii is a weighted sum: 

 
After multiple graph attention layers, the final node representation is passed to a classifier (e.g., 
MLP with softmax) to predict the perturbation probabilityPperti 
To formally articulate the learning objective of our AGNN model, we define the loss function as 
a combination of weighted cross-entropy loss and an L2 regularization term: 

 
where: 
N is the number of workstation nodes, 
Yi is the binary label indicating whether a perturbation occurred at node ii, 
y^i is the predicted probability of perturbation from the AGNN, 
βis a class weight parameter to address the inherent imbalance in perturbation data (as 
perturbations are rare events), 
λ is the L2 regularization strength, 
Θ represents all trainable parameters in the AGNN model. 
This formulation ensures that our model is robust to data imbalance and prevents overfitting. 

3.3. Cellular	Automata	for	Perturbation	Propagation	
The workshop layout is discretized into a 2D grid of cells Cx,y. Each cell has a state Sx,y∈ 
{Normal (N), Affected-Minor (AM), Affected-Severe (AS), Blocked (B)}. 
Initialization: The predicted perturbation probabilities Pperti from the AGNN are mapped to 
corresponding workstation cells to initialize their states. A probability threshold θ is used to 
determine if a cell's state changes from N to AM or AS. 
Transition Rules: The state of a cell at time t+1 depends on its own state and the states of its 
neighbors (e.g., Von Neumann neighborhood) at time t. We formally define the state transition 
function F: 
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where N(x,y)is the neighborhood of cell (x,y), and Θ represents a set of parameters (e.g., queue 
length thresholds, propagation probabilities). The rules are hybrid: 
Rule 1 (Mechanism - Blockage Propagation): IF Sx,yt=B AND (downstream cell (x′,y′)(x′,y′) has 
queue length L>Lmax) THEN Sx′, y′t+1=AS. 
Rule 2 (Data-driven - Neighbor Influence): IF Sx,yt=AS THEN for each neighbor (u,v)∈N(x,y), Su, 
vt+1=AM with probability pprop, where pprop is learned from historical data. 
Rule 3 (Recovery): IF Sx,yt=AM AND (no upstream cell is AS or B for τ consecutive steps) 
THEN Sx, yt+1=N. 
The CA model iterates, simulating the spread of the perturbation wavefront across the 
workshop, as visualized in the results section. 

3.4. Integration	with	Digital	Twin	
The physical workshop feeds real-time data to the DT. The AGNN model runs periodically, 
providing initial perturbation predictions. These predictions trigger the CA model to simulate 
the propagation. The DT visualizes the predicted propagation path and issues early warnings 
to the scheduling system, enabling proactive countermeasures before the disruption fully 
materializes. 

4. Experiments	and	Results	

4.1. Dataset	and	Setup	
Data: A real-world dataset from a ship block assembly workshop over 6 months, containing 
over 10,000 work orders, equipment logs, and sensor data. The dataset includes 347 recorded 
perturbation events (e.g., machine faults, material delays). 
Data Split: 70% for training, 15% for validation, 15% for testing. 
Baselines: 
DES Model: A high-fidelity discrete-event simulation model (baseline for propagation 
modeling). 
XGBoost: A traditional ML model using manually crafted features (e.g., static workstation 
attributes, recent utilization). 
Vanilla GCN: A GNN without an attention mechanism. 
LSTM: A model capturing temporal patterns in each workstation's data stream. 
Our Models: 
AGNN-only: Our GNN model for prediction only. 
AGNN-CA (Ours): The full proposed hybrid model. 
Metrics: F1-Score (perturbation prediction), Early Identification Time (EIT) - the time 
advantage in identifying a bottleneck compared to the DES model, Hamming Distance 
(propagation path accuracy). 

4.2. Results	and	Analysis	
Table	1. Perturbation Prediction Performance (F1-Score) 

Model Precision Recall F1-Score 

XGBoost 0.841 0.798 0.819 

LSTM 0.854 0.832 0.843 

Vanilla GCN 0.867 0.852 0.859 

AGNN-only (Ours) 0.923 0.915 0.919 
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Table	2. Propagation Modeling and Proactive Performance 
Model Early Identification Time (EIT) Path Hamming Distance Makespan Improvement* 

DES Model (Baseline) 0 min 0 (Baseline) 0% 

XGBoost + CA +15.2 min 0.21 +5.1% 

Vanilla GCN + CA +22.1 min 0.17 +7.8% 

AGNN-CA (Ours) +28.5 min 0.14 +11.3% 

*Makespan Improvement: The relative reduction in total completion time achieved by proactive rescheduling based on the model's 
warning compared to reactive rescheduling. 

 
To statistically validate the significance of our results, we conducted a paired t-test on the Early 
Identification Time (EIT) between our AGNN-CA model and the strongest baseline (Vanilla GCN 
+ CA). Over 50 independent test runs with different random seeds, our model achieved a 
statistically significant improvement with a p-value of p<0.001. This confirms that the 
performance advantage of AGNN-CA is not due to random chance. 
Furthermore, we analyzed the computational efficiency, a critical factor for real-time 
deployment. The average inference time for a full prediction-propagation cycle (AGNN + CA) 
was 3.7 seconds on a single NVIDIA Tesla V100 GPU, which is feasible for near-real-time 
operational use in a digital twin environment. 
 

Table	3. Detailed Ablation Study on Model Components (F1-Score & EIT) 
Model Variant AGNN CA Attention F1-Score Early Identification Time (min) 

Base GCN ✓   0.859 +18.2 

Base GCN + CA ✓ ✓  0.872 +22.1 

AGNN-only ✓  ✓ 0.919 +20.5 

Full Model (AGNN-CA) ✓ ✓ ✓ 0.919 +28.5 

*This table systematically demonstrates the contribution of each component. The attention 
mechanism significantly boosts prediction accuracy (F1-Score), while the CA module is crucial 
for extending the early warning window (EIT). Their combination yields the best overall 
performance.* 
 

 
Fig	3.	Comparative Performance Visualization Across All Metrics 

*This radar chart provides an intuitive visual comparison of our full model against key baselines 
across multiple normalized metrics. It clearly shows that our AGNN-CA model (solid line) 
achieves a more balanced and superior performance profile, dominating across all axes, 
especially in the critical EIT and F1-Score dimensions.* 
Prediction Accuracy: As shown in Table 1, our AGNN model significantly outperforms all 
baselines in F1-Score. The attention mechanism allows it to focus on the most critical relational 
dependencies in the workshop graph, leading to more accurate predictions of where 
perturbations are likely to originate. 
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Proactive Advantage: Table 2 shows the core result. Our full AGNN-CA model identifies 
bottleneck stations that will be affected 28.5 minutes earlier on average than the DES model. 
This early warning directly translates into practical benefits, enabling rescheduling that 
reduces the overall makespan by 11.3%. 
Visualization of Propagation: Figure 3 illustrates a snapshot of the CA simulation, clearly 
showing how a predicted perturbation at Welding Station A propagates to subsequent 
assembly stations over time, which aligns closely with the actual observed disruption. 
 

 
Fig	4. Snapshot of perturbation propagation simulation using the CA model. 

This sequence shows how a severe perturbation (AS) at Weld_A propagates to downstream 
assembly stations over simulation steps. 
Ablation Study: Removing the attention mechanism (Vanilla GCN) or the CA propagation 
module (AGNN-only) led to a significant drop in EIT and Path Accuracy, validating the necessity 
of each component in our hybrid design. The AGNN-CA model achieves a balance between 
accurate source prediction and realistic dynamics simulation. 
Case Study: Specific Propagation Analysis 
We present a detailed analysis of a specific 'machine breakdown' event at Welding Station A. 
Our AGNN model predicted this breakdown with a 96.5% confidence score 32 minutes before 
it occurred. The subsequent CA propagation simulation accurately forecasted the impact: 
Ground Truth: The breakdown eventually caused delays in 3 downstream stations (Assy_1, 
Assy_2, Paint_1), with a total makespan increase of 145 minutes. 
Our Prediction: The CA model predicted delays in the same 3 stations, with an estimated 
makespan increase of 138 minutes (95.2% accuracy in impact quantification). 
Comparative Baseline: The DES model only detected the disruption 5 minutes after the 
breakdown occurred, offering no proactive warning. 
This case concretely illustrates the operational value of our framework in a realistic scenario. 

5. Conclusion	and	Future	Work	

This paper presented a novel proactive framework for shipbuilding workshop management by 
introducing a hybrid AGNN-CA model within a Digital Twin. The framework successfully 
transitions from a reactive to a predictive paradigm. By accurately forecasting perturbation 
sources and simulating their propagation dynamics, it provides early warnings that empower 
schedulers to take preemptive actions, thereby enhancing the resilience and intelligence of 
manufacturing systems. The experimental results, based on real-world data, strongly support 
the effectiveness of our approach, demonstrating significant improvements in prediction 
accuracy, early warning time, and overall production efficiency. 
Future work will focus on: 1) Developing dynamic graph learning techniques to handle the 
evolving topology of the workshop graph in real-time. 2) Integrating Deep Reinforcement 
Learning to directly output optimal proactive scheduling policies based on the AGNN-CA's 
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predictions. 3) Exploring the deployment of lightweight versions of the model on edge devices 
for faster response. 
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