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Abstract 

INTRODUCTION: Prefabricated component manufacturing requires adaptive rescheduling when equipment failures, 
delays, resource shortages, or order changes invalidate original production plans. Existing approaches often rely on 
predefined disturbances or global re-optimization and do not sufficiently connect BIM/IFC-derived constraints with digital-
twin state feedback. 
OBJECTIVES: This study aims to develop a stable local rescheduling framework that continuously maps BIM/IFC 
component relationships and digital-twin state deviations into dynamic constraints, affected task sets, rescheduling triggers, 
and local repair boundaries. 
METHODS: A BIM-DT state-updated constraint propagation mechanism was designed to transform floor sequences, 
assembly dependencies, operation precedence, mold compatibility, and resource capacity into initial constraints, and then 
update them using equipment-state deviations. A constraint-driven local rescheduling module was further developed using 
task locking, local repair windows, state-triggered activation, and adaptive schedule-stability control. Reconstructed 
experiments were conducted using OR-Library scheduling instances and NASA C-MAPSS equipment-state data. 
RESULTS: Across five repeated experiments, the proposed method achieved lower total tardiness, rescheduling cost, 
schedule deviation, and adjusted-task ratios than most baseline methods under reconstructed disturbance scenarios. 
Compared with the best-performing dynamic baseline in this comparison, ND3QNP, total tardiness decreased from 101.8 to 
96.4 on OR-Library and from 131.7 to 126.5 on C-MAPSS. Ablation and representation analyses provided supporting 
evidence for the roles of constraint propagation, state triggering, local repair, task locking, and adaptive stability control. 
CONCLUSION: The framework provides a reproducible constraint-driven local repair method for disturbance-oriented 
rescheduling in prefabricated component manufacturing, while future validation with real factory BIM-DT data remains 
necessary. 
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1. Introduction

Artificial intelligence is shifting manufacturing from static 
production planning to state-aware adaptive decision- 

 
making. In intelligent manufacturing, digital twin, sensing, 
information modeling, and computational optimization are 
increasingly used to perceive production states, update 
constraints, and support disturbance-oriented rescheduling. 
With construction industrialization, prefabricated buildings 
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have become important for improving production efficiency 
and engineering coordination [1,2]. Prefabricated component 
manufacturing directly affects component delivery, on-site 
assembly rhythm, and project duration [3]. However, 
equipment failures, process delays, order changes, and 
resource shortages can weaken the feasibility of the original 
plan [4]. Therefore, updating production constraints, 
identifying affected tasks, and generating stable local 
rescheduling schemes are critical for adaptive production 
planning [5]. This study investigates how BIM/IFC-derived 
constraints and digital twin state deviations jointly affect the 
rescheduling feasible region and local repair boundary. 

Existing studies can be broadly categorized into traditional 
scheduling, BIM/IFC-supported scheduling, digital-twin-
based state tracking, and dynamic rescheduling. Traditional 
scheduling methods can optimize production sequences, 
mold allocation, and delivery times, but they make limited 
use of BIM/IFC component dependencies and assembly 
relationships [6,7]. BIM/IFC-based methods can support 
component information extraction and initial plan generation, 
but they mainly focus on static modelling [8]. Digital twin, 
Internet of Things (IoT), Radio Frequency Identification 
(RFID), and Ultra-Wideband (UWB) methods can support 
state tracking and production monitoring, but the coupling 
between state feedback and the updating of the rescheduling 
feasible region remains insufficient [9,10]. Dynamic 
rescheduling methods can respond to disturbances, but local 
adjustment boundaries, task locking, and schedule stability 
still need to be further integrated with component 
dependencies and state deviations [11]. 

To address these issues, this paper proposes a stable local 
rescheduling framework based on BIM-DT state-updated 
constraint propagation, forming a closed-loop mechanism of 
“constraint generation–state updating–task identification–
local repair.” The purpose of this study is not to replace 
general-purpose scheduling optimizers, but to establish a 
continuous mapping mechanism among BIM/IFC 
constraints, digital twin state deviations, affected task sets, 
and local repair boundaries after disturbances occur. The 
BIM-DT State-Updated Constraint Propagation module 
transforms floor sequences, assembly dependencies, mold 
compatibility, and operation precedence relationships into 
initial production constraints, and then updates the 
rescheduling feasible region by incorporating state deviations 
to generate the affected task set and the rescheduling trigger 
signal. The Constraint-Driven Stable Local Rescheduling 
module determines the local repair window according to the 
updated constraints and affected tasks, and generates an 
updated production plan through task locking, delivery 
constraints, and schedule deviation control. 

The main contributions of this paper are as follows. First, 
a BIM-DT state-updated constraint propagation mechanism 
is proposed to transform BIM/IFC-derived constraints and 
digital twin state deviations into a dynamic constraint set, a 
rescheduling trigger signal, and an affected task set. Second, 
a constraint-driven stable local rescheduling method is 
designed to achieve stable rescheduling within the updated 
feasible region through a local repair window, task locking, 
and schedule deviation control, thereby avoiding unnecessary 

global adjustments. Third, a state-triggered and adaptive 
stability control mechanism is developed to determine 
rescheduling activation conditions by jointly considering 
state deviations, constraint violations, and tardiness risk, 
while dynamically adjusting the schedule stability weight 
according to the scope of affected tasks. 

2. Related Work

2.1 Traditional Production Scheduling 
Methods for Prefabricated Components 

Traditional production scheduling methods for prefabricated 
components mainly rely on operations research optimization, 
heuristic algorithms, and multi-objective scheduling models 
[12,13]. These methods primarily address issues such as 
component production sequencing, mold allocation, resource 
occupation, delivery time, and inventory cost. Existing 
studies usually model prefabricated component production as 
a single-machine scheduling, multi-production-line 
scheduling, flow-shop scheduling, or resource-constrained 
scheduling problem, and generate production plans through 
genetic algorithms, particle swarm optimization, hybrid 
heuristic algorithms, or mathematical programming methods 
[14,15]. 

These methods can handle operation sequences, resource 
capacity, and delivery requirements, thereby providing a 
fundamental optimization framework for prefabricated 
component manufacturing planning [16]. However, their 
inputs are mostly derived from manually organized orders, 
processing times, and resource parameters, while the use of 
component geometry, floor relationships, and assembly 
dependencies in BIM/IFC remains relatively limited [17]. 
When equipment states, component progress, or order 
requirements change, the constraint set in the scheduling 
model usually needs to be redefined or manually adjusted. 
Therefore, the linkage between state changes and production 
constraint updating still requires further strengthening 
[18,19]. 

2.2 BIM/IFC-Based Component Information 
Modeling and Scheduling Support 

With the development of Building Information Modeling 
(BIM) and Industry Foundation Classes (IFC) standards, 
related studies have begun to extract component types, 
geometric dimensions, spatial positions, and component 
relationships from building models, and apply this 
information to prefabricated component design, production, 
and supply chain management [20,21]. Some studies have 
further transformed IFC-based component information into 
production scheduling inputs to reduce the information gap 
between design models and manufacturing plans [22]. 
Semantic enrichment can also infer missing joints, 
aggregations, and connection relationships from precast IFC 
models, improving their support for downstream production 
decisions [23]. 
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BIM/IFC-based methods provide structured data sources 
for prefabricated component production, enabling component 
attributes, spatial relationships, and assembly logic to be 
incorporated into the production planning process [24]. 
However, existing studies focus more on information 
extraction, static data transformation, or initial plan 
generation, while paying relatively limited attention to state 
changes and disturbance response during the production 
process. BIM/IFC information is usually used as an input 
condition before scheduling, but how it can be transformed 
into updatable dynamic constraints in response to production-
state changes still needs to be further embedded into post-
disturbance rescheduling decisions [25]. 

2.3 Digital-Twin- and IoT-Based Component 
State Tracking 

Digital twin, RFID, UWB, and IoT technologies provide new 
means for state perception and process monitoring in 
prefabricated building manufacturing [26]. Related studies 
acquire information on component location, processing 
status, transportation status, and progress through sensing, 
identification, positioning, and data-integration platforms, 
and then map these states to BIM or digital twin models 
[27,28]. 

These studies have promoted the transition from static 
information management to dynamic state perception, 
enabling component tracking, progress monitoring, and 
process synchronization. Existing engineering platforms 
mainly support synchronization, anomaly identification, 
visual management, dynamic tracking, and platform-based 
decision support [29]. More recently, a BIM-enabled digital-
twin platform has been applied to precast production and 
yard-stock management [30], further demonstrating the 
practical integration path from factory sensing to platform-
based decision support. Compared with these broader digital 
twin-enabled decision support systems, existing platforms do 
not explicitly transform state deviations into updated 
constraints, affected task sets, and local–global repair 
decisions. Therefore, a clearer decision-linking mechanism is 
still needed between digital twin state data and production 
rescheduling. 

2.4 Disturbance-Oriented Dynamic 
Rescheduling Methods 

Disturbances such as order changes, equipment failures, 
material delays, operation timeouts, and delivery adjustments 
frequently occur during prefabricated component production 
[31]. Therefore, dynamic rescheduling has become an 
important research direction. Related studies usually 
regenerate production plans after disturbances through 
demand-change modeling, machine-failure modeling, multi-
production-line rescheduling, local adjustment strategies, or 
hybrid optimization models, with the aim of reducing 
tardiness, cost, and the extent of schedule adjustment [32]. 

Recent dependency-aware rescheduling represents operation 
constraints through directed graphs and restricts schedule 
revision to affected operations [33]. 

These methods have shown that dynamic rescheduling can 
improve the responsiveness of production systems to 
disturbances. However, most rescheduling models mainly 
rely on predefined disturbance events and production 
parameters, and rarely use BIM/IFC component 
dependencies and digital twin state deviations jointly to 
determine rescheduling boundaries. In particular, during local 
rescheduling, which tasks should be locked, which tasks 
should belong to the affected set, and how the adjustment 
window should be determined still need to be further 
integrated with component constraints and production-state 
feedback. 

2.5 Research Gap and Positioning of This 
Study 

In summary, existing studies have established a foundation in 
prefabricated component production scheduling, BIM/IFC 
information modeling, digital twin state perception, and 
dynamic rescheduling. However, under disturbance 
scenarios, there remains a lack of a continuous mapping 
mechanism among BIM/IFC-derived constraints, digital twin 
state deviations, and local rescheduling decisions. A closed-
loop process of “constraint generation–state updating–task 
identification–local repair” has not yet been fully established. 

Specifically, semantic digital-twin scheduling [18] 
connects production information with schedule updating but 
does not explicitly derive affected-task and local-repair 
boundaries from state-updated IFC constraints. BIM–RFID 
monitoring [27] captures production states without 
converting them into rescheduling constraints, while 
proactive and DRL-based precast scheduling [31,32] 
optimize production decisions without jointly using IFC 
dependencies and digital-twin deviations. Therefore, local 
adjustment boundaries, task locking, and schedule stability 
remain insufficiently coupled with component dependencies 
and real-time state feedback. The closed loop is not claimed 
as an entirely new BIM-DT architecture; rather, it is a 
mechanism-level extension that explicitly transforms IFC 
dependencies and digital-twin state deviations into updated 
constraints, affected-task sets, and bounded repair decisions. 
It thus complements existing monitoring and platform-level 
decision support by providing an executable rescheduling 
layer. 

Unlike these studies, this paper focuses on state-feedback-
driven rescheduling under disturbance scenarios in 
prefabricated component manufacturing and establishes a 
continuous mapping mechanism among BIM/IFC 
constraints, digital twin state deviations, affected task sets, 
and local repair boundaries. This paper develops two 
modules: BIM-DT State-Updated Constraint Propagation and 
Constraint-Driven Stable Local Rescheduling. The former 
generates the dynamic constraint set, the rescheduling trigger 
signal, and the affected task set; the latter determines the local 

EAI Endorsed Transactions on 
Scalable Information Systems 
| Volume 13 | Issue 6 | 2026 |



J. Wu, X. Li

4   

repair window and generates a stable rescheduling scheme 
through task locking, schedule deviation control, and the 
state-triggering mechanism. 

3. Methodology

3.1 Problem Definition 

This study investigates the state-feedback-driven 
rescheduling problem under disturbance scenarios in 
prefabricated component manufacturing. Given the original 
production plan π0, the component task set 𝒥𝒥 = {j1, j2, … , jn}, 
the equipment/mold resource set ℛ , the BIM/IFC model 
MIFC, and the digital twin state stream StDT, the objective is to 
generate an updated production plan πt′  after a disturbance 
event et occurs. The input information includes component 
types, geometric dimensions, floor sequences, assembly 
dependencies, operation precedence relationships, mold 
compatibility relationships, equipment availability, 
component processing progress, resource occupation status, 
and delivery deadlines. 

In this paper, the component relationships and production 
rules derived from BIM/IFC are represented as the initial 
constraint set 𝒞𝒞0, while equipment failures, operation delays, 
resource shortages, and order changes obtained from digital 
twin feedback are represented as state deviations ΔSt . 
Disturbance events may change equipment availability 
windows, task start times, resource capacities, and task 
dependency states. Therefore, 𝒞𝒞0 , ΔSt , and et  need to be 
jointly mapped to the updated constraint set 𝒞𝒞t, the affected 
task set Ωt, and the local repair window Wt. 

The optimization objective is to locally reschedule the 
affected tasks while satisfying the updated constraints 𝒞𝒞t, so 
that the production plan can balance delivery timeliness, 
rescheduling cost, constraint feasibility, and schedule 
stability. Specifically, the model minimizes total tardiness 
D(πt′) , rescheduling cost R(πt′) , constraint violation 
V(πt′ ,𝒞𝒞t), and schedule deviation S(πt′ ,π0): 

min
πt
′
ℒres = αD(πt′) + βR(πt′) + γV(πt′ ,𝒞𝒞t) + λS(πt′ ,π0) (1) 

where α, β, γ, and λ are weight coefficients. The core of 
this problem is to search for a stable local repair plan within 
a dynamically updated feasible region while keeping the 
execution sequence and resource allocation of unaffected 
tasks unchanged as much as possible. 

3.2 Overall Framework 

To address the insufficient coupling among BIM/IFC 
constraints, digital twin feedback, and disturbance-oriented 
rescheduling in prefabricated component manufacturing, this 
paper proposes a stable local rescheduling framework based 
on BIM-DT state-updated constraint propagation. Using 
BIM/IFC information, resource constraints, digital twin 
streams, and disturbance events, it establishes a closed loop 
of “constraint generation–state updating–task identification–
local repair.” Figure 1(a) presents the computational 
workflow with conditional local–global switching, while 
Figure 1(b) shows the reference platform deployment 
architecture. Figures 2 and 3 further detail the two core 
modules. 

The framework receives the BIM/IFC model, component 
list, assembly dependencies, operation rules, equipment/mold 
resources, original plan, and digital twin stream. The BIM-
DT State-Updated Constraint Propagation module maps floor 
sequences, component dependencies, mold compatibility, 
and operation precedence into initial constraints. It then 
incorporates equipment failures, delays, resource occupation, 
and progress deviations to update the feasible region and 
generate the affected task set and trigger signal. 

The Constraint-Driven Stable Local Rescheduling module 
determines the repair window from the updated constraints. 
Once rescheduling is triggered, the affected-task ratio and 
local feasibility determine whether the local window is 
retained or expanded to all unlocked tasks. The selected 
window then undergoes task locking, feasible search, and 
candidate acceptance. Outputs include the updated plan, 
affected tasks, selected window, repair mode, task 
adjustments, tardiness, rescheduling cost, constraint 
violations, schedule deviation, and runtime. Thus, BIM/IFC 
information and digital twin feedback are transformed into 
dynamic constraints, trigger conditions, and repair 
boundaries. 

Figure 1(b) connects factory resources to the digital 
platform through RFID/UWB readers, PLCs, sensors, and an 
edge gateway. Synchronized streams enter the BIM-DT 
platform, where BIM/IFC services manage component 
relationships and resource attributes, while digital-twin 
services synchronize planned and actual states. The 
rescheduling service processes the updated constraints and 
returns the revised schedule to MES/ERP, workstations, and 
the monitoring dashboard. Execution feedback closes the 
loop. This figure represents a reference integration pathway 
rather than a completed factory deployment. 
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Figure 1. Computational workflow and reference deployment architecture of the BIM-DT rescheduling method: 
(a) state-updated constraint propagation with conditional local–global switching

(b) integration of factory resources, sensing and edge devices, BIM-DT services, rescheduling services, and
execution systems 

3.3 BIM-DT State-Updated Constraint 
Propagation 

The BIM-DT State-Updated Constraint Propagation module 
is designed to integrate BIM/IFC constraint mapping with 
digital twin state feedback, thereby enabling dynamic 
constraint updating, affected task identification, and 

rescheduling trigger determination. As shown in Figure 2, the 
inputs of this module include the BIM/IFC model, component 
attributes, assembly dependencies, operation rules, 
equipment states, and disturbance events. The outputs include 
the updated constraint set 𝒞𝒞t, the affected task set Ωt, and the 
rescheduling trigger signal. The core idea is to transform state 
deviations into incremental terms of time-window 
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constraints, resource-capacity constraints, and dependency-
propagation constraints. 

First, the BIM/IFC model is mapped into the initial 
production constraint set: 

𝒞𝒞0 = ΦBIM(MIFC) = {Cfloor, Cdep, Cproc, Cmold, Cres}      (2) 

where Cfloor , Cdep , Cproc , Cmold , and Cres  denote the 
constraints of floor sequence, assembly dependency, 
operation precedence, mold compatibility, and resource 
capacity, respectively.  

Operationally, ΦBIM  traverses IFC entities and 
relationships to construct a task–dependency–resource graph. 
Each generated task 𝑖𝑖  is assigned a start-time variable 𝑥𝑥𝑖𝑖 , 
completion-time variable 𝑐𝑐𝑖𝑖 = 𝑥𝑥𝑖𝑖 + 𝑝𝑝𝑖𝑖 , and resource-
allocation variable 𝑦𝑦𝑖𝑖,𝑟𝑟,𝑡𝑡 , while a component-to-task table 
maintains traceability to the original IFC entity. 
IfcRelContainedInSpatialStructure provides component–
floor membership for 𝐶𝐶𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 ; IfcRelAggregates and 
IfcRelConnectsElements provide assembly relationships for 
𝐶𝐶𝑑𝑑𝑑𝑑𝑑𝑑; IfcTask and IfcRelSequence define 𝐶𝐶𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝; component 
types and manufacturing property sets determine 𝐶𝐶𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚; and 
IfcRelAssignsToResource links tasks to molds or equipment 
for 𝐶𝐶𝑟𝑟𝑟𝑟𝑟𝑟. Manufacturing attributes absent from standard IFC 
fields are stored in user-defined property sets. For example, if 
component 𝑊𝑊17  belongs to Storey 3, precedes 𝐵𝐵06 in an 
assembly relation, and uses mold 𝑀𝑀2, the parser records its 
floor index, generates 𝑥𝑥𝐵𝐵06 ≥ 𝑐𝑐𝑊𝑊17 , and imposes 
� 𝑦𝑦𝑖𝑖,𝑀𝑀2,𝑡𝑡

𝑖𝑖
≤ 1. 

The deviation between the digital twin state StDT and the 
planned state St

plan is defined as: 

ΔSt = StDT − St
plan  (3) 

Based on ΔSt and the disturbance event et, the dynamic 
constraint set is updated as: 

𝒞𝒞t = 𝒰𝒰(𝒞𝒞0,ΔSt, et) = 𝒞𝒞0 ∪ ΔCttime ∪ ΔCtres ∪ ΔCt
dep   (4) 

where ΔCttime, ΔCtres, and ΔCt
dep denote the update terms 

for time windows, resource capacity, and dependency 
relationships, respectively. Operation delays and delivery 
changes mainly update ΔCttime ; equipment failures, mold 
occupation, and resource shortages mainly update ΔCtres; and 
component progress deviations form ΔCt

dep along BIM/IFC 
dependency relationships. 

The affected task set is defined as: 

Ωt = Ψ(ΔSt, et, Cdep)   (5) 

where Ψ(⋅) first identifies directly disturbed tasks and then 
propagates along the BIM/IFC dependency graph to 
subsequent components, same-floor related components, and 
tasks sharing critical resources. In this way, state feedback is 
transformed into dynamic constraints, the affected task set, 
and rescheduling trigger conditions. 

In the reconstructed experiments, BIM/IFC-derived 
constraints are represented by mapped scheduling variables 
from OR-Library, while state deviations are generated from 
normalized C-MAPSS sensor streams. 
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Figure 2. BIM-DT State-Updated Constraint Propagation Module 

3.4 Constraint-Driven Stable Local 
Rescheduling 

The Constraint-Driven Stable Local Rescheduling module 
performs stable rescheduling using updated constraints and 
affected tasks. As shown in Figure 3, it takes 𝐶𝐶𝑡𝑡 , Ω𝑡𝑡 , the 
original plan 𝜋𝜋0, delivery deadlines, and resource states as 
inputs, and outputs the updated plan 𝜋𝜋𝑡𝑡′ , task adjustments, 
tardiness, rescheduling cost, and schedule deviation. The 
local boundary is jointly determined by BIM dependency 
propagation and state deviations. 

The local repair window is defined as: 

𝑊𝑊𝑡𝑡 = Ω𝑡𝑡 ∪ 𝑁𝑁depℎ (Ω𝑡𝑡) − 𝐿𝐿𝑡𝑡  (6) 

where 𝑁𝑁depℎ (Ω𝑡𝑡)  contains tasks within ℎ  hops of the 
affected tasks in the BIM/IFC dependency graph. 𝐿𝐿𝑡𝑡  is the 
locked set, including completed or non-interruptible tasks and 
tasks occupying critical resources whose adjustment costs 
exceed the threshold. 

For extreme disturbances, a hybrid local–global fallback is 
introduced. Let 𝑟𝑟𝑡𝑡 =∣ Ω𝑡𝑡 ∣/∣ 𝒥𝒥 ∣  denote the affected-task 

ratio. The local window is retained when 𝑟𝑟𝑡𝑡 ≤ 𝜂𝜂  and local 
repair is feasible; otherwise, it expands to all unlocked tasks: 

𝑊𝑊𝑡𝑡
𝐻𝐻 = � 𝑊𝑊𝑡𝑡, 𝑟𝑟𝑡𝑡 ≤ 𝜂𝜂 and local repair is feasible,

𝒥𝒥 ∖ 𝐿𝐿𝑡𝑡 , 𝑟𝑟𝑡𝑡 > 𝜂𝜂 or local repair is infeasible.     (7)

Here, 𝜂𝜂 is selected on the validation set. 
For tasks outside the selected window 𝑊𝑊𝑡𝑡

𝐻𝐻 , the original 
plan remains unchanged: 

𝑥𝑥𝑖𝑖′ = 𝑥𝑥𝑖𝑖0, 𝑟𝑟𝑖𝑖′ = 𝑟𝑟𝑖𝑖0,∀𝑗𝑗𝑖𝑖 ∉ 𝑊𝑊𝑡𝑡
𝐻𝐻  (8) 

where 𝑥𝑥𝑖𝑖  denotes the task start time and 𝑟𝑟𝑖𝑖  denotes 
resource allocation. The objective within 𝑊𝑊𝑡𝑡

𝐻𝐻 is: 

min
𝜋𝜋𝑡𝑡′

𝐿𝐿res = 𝛼𝛼𝛼𝛼(𝜋𝜋𝑡𝑡′) + 𝛽𝛽𝛽𝛽(𝜋𝜋𝑡𝑡′) + 𝛾𝛾𝛾𝛾(𝜋𝜋𝑡𝑡′ ,𝐶𝐶𝑡𝑡) + 𝜆𝜆𝜆𝜆(𝜋𝜋𝑡𝑡′ ,𝜋𝜋0) (9) 

where 𝐷𝐷, 𝑅𝑅 , 𝑉𝑉 , and 𝑆𝑆 denote normalized total tardiness, 
rescheduling cost, constraint violation, and schedule 
deviation. 𝛼𝛼, 𝛽𝛽, 𝛾𝛾, and 𝜆𝜆 are weight coefficients. Through the 
local window, task locking, deviation control, and conditional 
global fallback, this module maintains stable rescheduling 
under local and extreme disturbances. 

EAI Endorsed Transactions on 
Scalable Information Systems 
| Volume 13 | Issue 6 | 2026 |



J. Wu, X. Li

8   

Figure 3. Constraint-Driven Stable Local Rescheduling Module 

3.5 State-Triggered Stable Local 
Rescheduling Algorithm 

To avoid unnecessary schedule disturbances caused by fixed-
period rescheduling or global rescheduling, this paper designs 
a State-Triggered Stable Local Rescheduling algorithm. The 
algorithm takes the original plan 𝜋𝜋0, the dynamic constraint 
set 𝐶𝐶𝑡𝑡, the affected task set Ω𝑡𝑡, the initial local repair window 
𝑊𝑊𝑡𝑡 , and the state deviation Δ𝑆𝑆𝑡𝑡  as inputs. Optimization is 
activated only when state deviation, constraint risk, and 
tardiness risk reach the trigger condition. The core idea is that 
rescheduling is jointly driven by production states, constraint 
feasibility, and delivery risk, rather than being directly 
triggered by a single disturbance event. 

First, the rescheduling trigger score is defined as: 

𝑞𝑞𝑡𝑡 = 𝑤𝑤𝑠𝑠 ∥ Δ𝑆𝑆𝑡𝑡 ∥ +𝑤𝑤𝑣𝑣𝑉𝑉(𝜋𝜋0,𝐶𝐶𝑡𝑡) + 𝑤𝑤𝑑𝑑𝐷𝐷𝑡𝑡(𝜋𝜋0)      (10) 

where ∥ Δ𝑆𝑆𝑡𝑡 ∥ denotes the deviation intensity between the 
digital twin state and the planned state, 𝑉𝑉(𝜋𝜋0,𝐶𝐶𝑡𝑡) denotes the 
violation degree of the original plan under the updated 
constraints, and 𝐷𝐷𝑡𝑡(𝜋𝜋0)  denotes the tardiness risk of the 
original plan under the current disturbance state. 𝑤𝑤𝑠𝑠, 𝑤𝑤𝑣𝑣, and 
𝑤𝑤𝑑𝑑 are weight coefficients. When 𝑞𝑞𝑡𝑡 ≤ 𝜃𝜃 , the system 
maintains the original plan. When 𝑞𝑞𝑡𝑡 > 𝜃𝜃 , the algorithm 

selects the hybrid repair window 𝑊𝑊𝑡𝑡
𝐻𝐻 according to the 

affected-task ratio and local feasibility condition defined in 
Equation (7). It then activates optimization within the 
selected feasible region: 

𝜋𝜋�𝑡𝑡 = arg min
𝜋𝜋∈ℱ(𝐶𝐶𝑡𝑡,𝑊𝑊𝑡𝑡

𝐻𝐻)
𝐿𝐿res𝑡𝑡 (𝜋𝜋)  (11) 

where ℱ(𝐶𝐶𝑡𝑡 ,𝑊𝑊𝑡𝑡
𝐻𝐻) denotes the search space constrained by 

the dynamic constraint set and the selected hybrid repair 
window. Only the start times, resource allocations, and local 
sequences of tasks within 𝑊𝑊𝑡𝑡

𝐻𝐻  are allowed to be adjusted, 
while tasks outside 𝑊𝑊𝑡𝑡

𝐻𝐻remain locked. When local repair is 
feasible and the affected-task ratio does not exceed 𝜂𝜂, 𝑊𝑊𝑡𝑡

𝐻𝐻 =
𝑊𝑊𝑡𝑡; otherwise, 𝑊𝑊𝑡𝑡

𝐻𝐻 = 𝒥𝒥 ∖ 𝐿𝐿𝑡𝑡. 
The candidate plan acceptance rule is formulated as: 

𝜋𝜋𝑡𝑡′ = �
𝜋𝜋�𝑡𝑡 , if 𝑉𝑉(𝜋𝜋�𝑡𝑡 ,𝐶𝐶𝑡𝑡) = 0 and 𝐿𝐿res𝑡𝑡 (𝜋𝜋�𝑡𝑡) < 𝐿𝐿res𝑡𝑡 (𝜋𝜋0),
𝜋𝜋�𝑡𝑡 , if 𝑉𝑉(𝜋𝜋�𝑡𝑡 ,𝐶𝐶𝑡𝑡) < 𝑉𝑉(𝜋𝜋0,𝐶𝐶𝑡𝑡) and 𝐿𝐿res𝑡𝑡 (𝜋𝜋�𝑡𝑡) < 𝐿𝐿res𝑡𝑡 (𝜋𝜋0),
𝜋𝜋0, otherwise.

 

(12) 

This rule gives priority to accepting plans that fully satisfy 
the dynamic constraints and reduce the objective value. When 
a fully feasible solution is temporarily unavailable, a soft 
repair plan is allowed to be accepted if it reduces constraint 
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violations and improves the objective value. In this way, the 
algorithm forms a closed-loop process of “state updating–
trigger determination–hybrid window selection–bounded 
search–candidate acceptance.” 

3.6 Adaptive Stability Control and 
Termination 

To balance delivery timeliness and schedule stability, this 
paper introduces an adaptive stability mechanism. A fixed 
deviation penalty cannot adapt to different disturbance 
intensities. Minor disturbances require greater plan stability, 
whereas severe disturbances require a wider repair scope. 
Therefore, this paper extends the fixed stability weight λ into 
an adaptive weight that varies with the disturbance scope: 

λt = λ0
1+ρ∣Ωt∣∣𝒥𝒥∣

  (13) 

where 𝜆𝜆0  is the initial weight, 𝜌𝜌 is the adjustment 
coefficient, and ∣ Ω𝑡𝑡 ∣/∣ 𝒥𝒥 ∣ is the affected-task ratio. A small 
disturbance maintains a high 𝜆𝜆𝑡𝑡  to suppress unnecessary 
deviations, while a larger scope reduces 𝜆𝜆𝑡𝑡  to prioritize 
tardiness and constraint repair. 

To characterize sensor uncertainty, let 𝑆̃𝑆𝑡𝑡DT = 𝑆𝑆𝑡𝑡DT + 𝜀𝜀𝑡𝑡 , 
where ∥ 𝜀𝜀𝑡𝑡 ∥≤ 𝐵𝐵𝜀𝜀 , giving Δ𝑆𝑆�𝑡𝑡 = Δ𝑆𝑆𝑡𝑡 + 𝜀𝜀𝑡𝑡 . If the update 
operator 𝒰𝒰and violation function 𝑉𝑉are locally Lipschitz with 
constants 𝐿𝐿𝑈𝑈and 𝐿𝐿𝑉𝑉, the trigger-score perturbation satisfies ∣
𝑞𝑞�𝑡𝑡 − 𝑞𝑞𝑡𝑡 ∣≤ (𝑤𝑤𝑠𝑠+𝑤𝑤𝑣𝑣𝐿𝐿𝑉𝑉𝐿𝐿𝑈𝑈)𝐵𝐵𝜀𝜀 .  The trigger decision remains 
unchanged when ∣ 𝑞𝑞𝑡𝑡 − 𝜃𝜃 ∣  exceeds this bound; otherwise, 
false or missed triggers may occur. Noise beyond 𝐵𝐵𝜀𝜀  falls 
outside this guarantee and is evaluated in Section 4.6. 

Accordingly, the stable local rescheduling objective at 
time t is defined as: 

ℒrest = αD(πt′) + βR(πt′) + γV(πt′ ,𝒞𝒞t) + λtS(πt′ ,π0) (14) 

where D(πt′), R(πt′), V(πt′ ,𝒞𝒞t), and S(πt′ ,π0) denote total 
tardiness, rescheduling cost, constraint violation, and 
schedule deviation, respectively. The optimization process 
terminates when the change in the objective value falls below 
a threshold or when the maximum number of iterations is 
reached: 

∣ ℒresk − ℒresk−1 ∣< εork = Kmax   (15) 

where 𝜀𝜀 is the objective-change threshold and 𝐾𝐾max is the 
iteration limit. This mechanism links disturbance scope, 
repair intensity, and stability without using a fixed penalty. 

3.7 Termination and Bounded Stability 
Analysis 

To analyze the optimization stability of the proposed 
algorithm, this paper provides an explanation from three 

aspects: the non-increasing property of the objective function, 
finite termination, and bounded disturbances. According to 
the candidate plan acceptance rule in Section 3.5, the 
algorithm accepts an updated plan only when the candidate 
plan fully satisfies the dynamic constraints and reduces the 
objective value, or when a fully feasible solution is 
unavailable but the candidate plan reduces constraint 
violations and improves the objective value. Therefore, if the 
candidate solution is accepted at the k -th iteration, the 
following condition holds: 

ℒresk ≤ ℒresk−1  (16) 

Since total tardiness, rescheduling cost, constraint 
violation, and schedule deviation are all non-negative terms, 
and the weight coefficients α, β, γ, and λt are non-negative 
and finite, the objective function has a non-negative lower 
bound: 

ℒrest ≥ 0  (17) 

Therefore, under the acceptance rule, the objective 
function follows a non-increasing trend and is constrained by 
a non-negative lower bound. Meanwhile, given the finite task 
set, finite resource set, and the maximum iteration limit Kmax, 
the optimization process can terminate within a finite number 
of steps. 

For disturbance uncertainty, this paper assumes that the 
digital twin state deviation remains within the observable 
production-state range: 

∥ ΔSt ∥≤ Bs  (18) 

where 𝐵𝐵𝑠𝑠  is the state-deviation bound. Because the 
dynamic constraint updates are generated from bounded 
deviations and a finite task set, disturbance-induced objective 
fluctuations are also bounded. 

For real-time execution, let 𝑇𝑇iter be the per-iteration time 
bound and 𝜏𝜏RTthe response-time budget. The iteration limit 
satisfies 

𝑇𝑇online ≤ 𝐾𝐾max𝑇𝑇iter,𝐾𝐾max ≤ � 𝜏𝜏RT
𝑇𝑇iter

�.  (19) 

When the budget is reached, the best accepted plan is 
returned. This establishes monotonic acceptance, bounded 
response time, and finite termination, but not global-optimum 
convergence. Tables 3 and 4 provide empirical runtime 
evidence. 

3.8 Online Rescheduling Procedure 

This section summarizes the online rescheduling procedure 
of the proposed framework. It sequentially performs 
BIM/IFC constraint generation, digital twin state updating, 
affected-task identification, local-window construction, state-
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trigger determination, hybrid local–global window selection, 
and candidate-plan acceptance. 

Algorithm 1: State-Triggered Stable Local 
Rescheduling 

Input: 𝑀𝑀IFC,𝜋𝜋0,𝒥𝒥,ℛ, 𝑆𝑆𝑡𝑡DT, 𝑆𝑆𝑡𝑡
plan, 𝑒𝑒𝑡𝑡 ,𝛈𝛈 

Output: 𝜋𝜋𝑡𝑡′ ,Ω𝑡𝑡 ,𝐖𝐖𝐭𝐭
𝐇𝐇 

1: 𝐶𝐶0 ← ΦBIM(𝑀𝑀IFC) 
2: Δ𝑆𝑆𝑡𝑡 ← 𝑆𝑆𝑡𝑡DT − 𝑆𝑆𝑡𝑡

plan

3: 𝐶𝐶𝑡𝑡 ← 𝒰𝒰(𝐶𝐶0,Δ𝑆𝑆𝑡𝑡 , 𝑒𝑒𝑡𝑡) 
4: Ω𝑡𝑡 ← Ψ(Δ𝑆𝑆𝑡𝑡 , 𝑒𝑒𝑡𝑡 ,𝐶𝐶dep) 
5: 𝑊𝑊𝑡𝑡 ← Ω𝑡𝑡 ∪ 𝑁𝑁depℎ (Ω𝑡𝑡) − 𝐿𝐿𝑡𝑡 
6: 𝑊𝑊𝑡𝑡

𝐻𝐻 ← 𝑊𝑊𝑡𝑡 
7: 𝑞𝑞𝑡𝑡 ← 𝑤𝑤𝑠𝑠 ∥ Δ𝑆𝑆𝑡𝑡 ∥ +𝑤𝑤𝑣𝑣𝑉𝑉(𝜋𝜋0,𝐶𝐶𝑡𝑡) + 𝑤𝑤𝑑𝑑𝐷𝐷𝑡𝑡(𝜋𝜋0) 
8: if 𝑞𝑞𝑡𝑡 ≤ 𝜃𝜃then return 𝜋𝜋0,Ω𝑡𝑡 ,𝑊𝑊𝑡𝑡

𝐻𝐻 
9: 𝑟𝑟𝑡𝑡 ←∣ Ω𝑡𝑡 ∣/∣ 𝒥𝒥 ∣ 
10: if 𝑟𝑟𝑡𝑡 > 𝜂𝜂or ℱ(𝐶𝐶𝑡𝑡 ,𝑊𝑊𝑡𝑡) = ∅then 𝑊𝑊𝑡𝑡

𝐻𝐻 ← 𝒥𝒥 ∖ 𝐿𝐿𝑡𝑡 
11: 𝜋𝜋�𝑡𝑡 ← arg min𝜋𝜋∈ℱ(𝐶𝐶𝑡𝑡,𝑊𝑊𝑡𝑡

𝐻𝐻) 𝐿𝐿res𝑡𝑡 (𝜋𝜋) 
12: if 𝐿𝐿res𝑡𝑡 (𝜋𝜋�𝑡𝑡) < 𝐿𝐿res𝑡𝑡 (𝜋𝜋0)and 
[𝑉𝑉(𝜋𝜋�𝑡𝑡 ,𝐶𝐶𝑡𝑡) = 0 or 𝑉𝑉(𝜋𝜋�𝑡𝑡 ,𝐶𝐶𝑡𝑡) < 𝑉𝑉(𝜋𝜋0,𝐶𝐶𝑡𝑡)]then 
13: 𝜋𝜋𝑡𝑡′ ← 𝜋𝜋�𝑡𝑡 
14: else 𝜋𝜋𝑡𝑡′ ← 𝜋𝜋0 
15: end if 
16: return 𝜋𝜋𝑡𝑡′ ,Ω𝑡𝑡 ,𝑊𝑊𝑡𝑡

𝐻𝐻 

Steps 1–5 update the BIM-DT constraints and construct 
the initial local window. Steps 6–8 determine whether 
rescheduling is required. Steps 9–10 retain local repair when 
the affected scope is limited and expand the window to all 
unlocked tasks when the affected-task ratio exceeds η or no 
feasible local solution exists. Steps 11–15 optimize and 
accept the candidate plan according to feasibility and 
objective improvement. The procedure integrates state 
triggering, hybrid window selection, repair acceptance, and 
stability control into a closed-loop plan-repair process. 

4. Experiments and Results

4.1 Experimental Setup 

4.1.1 Dataset Setup 
To validate the BIM-DT state-updated constraint propagation 
and stable local rescheduling method, this paper constructs 
reproducible experimental scenarios based on two public 
datasets. Since there is currently a lack of large-scale public 
datasets that simultaneously contain BIM/IFC constraints, 
digital twin state streams, and prefabricated component 
rescheduling records, this study conducts reconstructed 
experiments using public scheduling data and equipment-
state data. Therefore, the experiments mainly evaluate the 
effectiveness of the rescheduling mechanism under public-
data-based reconstructed scenarios, while its applicability in 
real factory BIM-DT platforms still requires further 
validation. 

This study uses the Taillard Flow Shop Scheduling 
Instances from OR-Library to construct production 
scheduling scenarios. In the reconstruction process, jobs are 
mapped to component tasks, machines are mapped to 
workstations, molds, or equipment resources, and processing 
times are mapped to operation processing times. Operation 
sequences, delivery deadlines, and resource-capacity 
constraints are then generated accordingly. The NASA C-
MAPSS Jet Engine Simulated Data are used to construct 
equipment state streams and disturbance events. After 
normalization, the sensor sequences are compared with the 
normal-state baseline to form state deviations ΔSt, which are 
further mapped to equipment unavailability, processing 
delays, or resource-capacity reduction. The component tasks, 
resource constraints, and state disturbances used in the 
experiments are all reconstructed from public datasets. They 
are mainly used to validate the reproducibility of the proposed 
rescheduling mechanism and are not equivalent to data from 
a real prefabricated component factory BIM-DT platform. 
The OR-Library experiments use benchmark scheduling 
instances with reconstructed disturbance events, whereas the 
C-MAPSS experiments retain the reconstructed scheduling
structure but derive equipment-state deviations and
disturbance triggers from normalized C-MAPSS sensor
sequences. Table 1 summarizes the data reconstruction
process.

Table 1. Public datasets and reconstructed experimental variables 

Data source Original data content Reconstructed variables in this study Experimental use 

OR-Library Taillard 
Flow Shop 

Jobs, machines, 
processing times 

Component tasks, operations, 
mold/workstation resources, delivery 
deadlines 

Constructing the initial plan, the initial 
constraint set 𝒞𝒞0, and local 
rescheduling tasks 

NASA C-MAPSS 
Operating cycles, 
operating settings, 
sensor measurements 

Equipment state streams, state 
deviations, disturbance events 

Constructing digital twin state 
feedback, dynamic constraint 
updates, and rescheduling trigger 
events 
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4.1.2 Baseline Methods 
To compare the proposed method with existing approaches, 
nine baseline methods are selected, covering rule-based 
scheduling, constraint optimization, metaheuristics, deep 
reinforcement learning, and recent dynamic scheduling 

methods. All methods are run under the same task instances, 
disturbance events, resource capacities, and evaluation 
metrics. The proposed method is denoted as Proposed. Table 
2 presents the method types and adaptation settings. 

Table 2. Baseline and proposed methods 

Method Type Adaptation in this study 

PDR[34] Rule-based scheduling Reschedules affected tasks after disturbances according to 
rules such as SPT, EDD, and FIFO 

CP-SAT[35] Constraint optimization Uses the same time, resource, operation, and delivery 
constraints 

HGA-TS[36] Metaheuristic Optimizes TT, RC, CVR, and SDI within the same task set 

DQN-DFJSP[37] Reinforcement learning scheduling Uses task states, resource states, and disturbance 
indicators as inputs 

GNN-DRL[38] Graph reinforcement learning scheduling Constructs a graph of tasks, resources, and dependency
relationships 

MachineRank-
D3QN[39] Recent dynamic scheduling Uses the dynamic disturbance events constructed in this 

study 

ET-DQN[40] Recent dynamic scheduling Uses the same state space and action space 

DDQN-APS[41] Recent dynamic scheduling Uses the same equipment-failure, processing-delay, and 
delivery-change scenarios 

ND3QNP[42] Recent dynamic scheduling Performs rescheduling under the same disturbance 
samples and resource constraints 

Proposed Proposed method Uses dynamic constraints, the affected task set, the local 
window, and the adaptive stability weight 

4.1.3 Implementation Details 
All methods are compared using the same task instances, 
disturbances, and resource constraints. Experiments are 
conducted on an Intel i7-12700K CPU, 32 GB RAM, and an 
NVIDIA RTX 3060 GPU. OR-Library provides the 
benchmark task structures used to construct initial plans, 
deadlines, and resource constraints, while normalized C-
MAPSS sensor streams are mapped to equipment-state 
deviations and trigger signals. Disturbances include 
equipment failures, processing delays, capacity reductions, 
and deadline changes. Extreme tests additionally simulate 
simultaneous failures of two, three, and four critical 
resources. The hybrid strategy changes only the repair 
window. These reconstructed scenarios support preliminary 
algorithmic comparison rather than factory-level validation: 
OR-Library lacks precast-specific IFC semantics, while C-
MAPSS degradation patterns may differ from the sensor and 
failure characteristics of precast production equipment. 

The samples are divided into training, validation, and test 
sets. The validation set selects θ, h, ρ, and the local–global 
threshold η, which is fixed at 0.45 during testing. Each 
experiment is repeated five times with independent seeds and 
disturbance samples. Results are reported as mean ± standard 
deviation. Runtime excludes offline training and 
preprocessing. 

4.1.4 Evaluation Metrics 
Six metrics are used to evaluate rescheduling performance, 
and lower values indicate better performance for all metrics. 
(1) TT = � max(0,∣𝒥𝒥∣

i=1 Ci − di) , where TT  denotes total 
tardiness, Ci is the completion time, and di is the delivery 
deadline. (2) RC = � (ωt ∣ xi′ − xi0 ∣ +ωrδ(ri′ ≠ ri0))∣𝒥𝒥∣

i=1 , 
where RC denotes the rescheduling cost caused by changes in 
start times and resource allocations. (3) CVR = Nviolated

Nconstraints
, 

where CVRdenotes the dynamic constraint violation rate. (4) 
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SDI = 1
∣𝒥𝒥∣
� ∣xi

′−xi
0∣

H

∣𝒥𝒥∣

i=1
, where SDI  denotes the degree of 

schedule deviation, and His the time span of the original plan. 
(5) Runtime = Tend − Tstart , where Runtime denotes the
online rescheduling time. (6) ATR =

Nadjusted
∣𝒥𝒥∣

× 100% , 
where ATRdenotes the adjusted task ratio, namely Adjusted 
tasks. 

4.2 Main Experimental Results 

Tables 3 and 4 present the main results under the OR-Library 
and C-MAPSS disturbance scenarios, respectively. All 
results are reported as mean ± standard deviation over five 
repeated experiments. Proposed achieves relatively low TT, 
SDI, and adjusted task ratio on both datasets. Compared with 
the strongest dynamic baseline, ND3QNP, Proposed reduces 
TT from 101.8 to 96.4 on OR-Library and from 131.7 to 
126.5 on C-MAPSS, indicating its favorable tardiness control 
under reconstructed disturbance scenarios. 

To quantify the operational economic implications, two 
relative indicators are calculated against ND3QNP: 

RCSR =
𝑅𝑅𝐶𝐶ND3QNP − 𝑅𝑅𝐶𝐶Proposed

𝑅𝑅𝐶𝐶ND3QNP
× 100%, DDRR

=
𝑇𝑇𝑇𝑇ND3QNP − 𝑇𝑇𝑇𝑇Proposed

𝑇𝑇𝑇𝑇ND3QNP
× 100%. 

The rescheduling-cost saving rate (RCSR) and delivery-
delay reduction rate (DDRR) are 4.2% and 5.3% on OR-
Library and 4.1% and 3.9% on C-MAPSS, respectively. 
These results indicate lower adjustment burden and delivery 
delay. Because the reconstructed datasets lack monetary unit 
costs and actual factory delivery records, the indicators are 
operational proxies rather than realized financial savings or 
calendar-day delivery advances. 

Different methods show different advantages. PDR 
achieves the lowest Runtime, but its TT and CVR are 
relatively high, indicating that simple dispatching rules 
respond quickly but have difficulty handling dynamic 
constraints. CP-SAT achieves the best CVR, but its RC, SDI, 
and Runtime are relatively high, suggesting stronger 
constraint feasibility but a larger repair scope and higher 
computational cost. DDQN-APS and ND3QNP perform 
close to Proposed, but their adjusted task ratios remain higher, 
which may be related to the lack of explicit dependency-
propagation boundaries and task-locking design. 

Overall, Proposed maintains low levels of TT, SDI, and 
adjusted task ratio, corresponding to better tardiness control 
and schedule stability. CP-SAT has an advantage in 
constraint violation control, whereas PDR has an advantage 
in computational time, indicating that different methods 
emphasize different optimization objectives. Figure 4 reports 
the normalized overall score calculated from TT, RC, CVR, 
SDI, Runtime, and adjusted task ratio on the two datasets, 
where a lower score indicates better combined performance. 
Figure 5 further illustrates the TT–SDI trade-off relationship 
to compare tardiness control and schedule stability. 

Table 3. Main results on OR-Library 

Method TT↓ RC↓ CVR (%)↓ SDI↓ Runtime (s)↓ Adjusted tasks (%)↓ 

PDR 186.4±7.1 49.8±2.4 8.9±0.6 0.141±0.010 0.18±0.03 41.2±2.6 

CP-SAT 132.7±5.4 54.2±2.8 1.5±0.2 0.158±0.012 38.6±3.5 47.5±3.1 

HGA-TS 119.8±4.9 46.3±2.1 5.3±0.4 0.124±0.009 21.4±2.2 35.4±2.4 

DQN-DFJSP 126.5±5.6 43.2±2.0 5.7±0.5 0.119±0.008 7.8±0.7 33.8±2.0 

GNN-DRL 113.9±4.1 40.4±1.9 4.1±0.4 0.111±0.007 9.6±0.9 31.5±1.8 

MachineRank-D3QN 108.6±4.5 38.7±1.8 3.5±0.3 0.106±0.007 8.3±0.8 30.4±1.7 

ET-DQN 106.9±4.2 37.6±1.7 3.2±0.3 0.103±0.006 8.0±0.8 29.8±1.6 

DDQN-APS 103.5±3.9 36.2±1.8 3.0±0.3 0.101±0.006 7.3±0.8 28.9±1.6 

ND3QNP 101.8±3.7 35.6±1.7 2.5±0.2 0.098±0.006 8.1±0.9 27.6±1.5 

Proposed 96.4±3.5 34.1±1.6 1.8±0.2 0.085±0.005 7.0±0.7 24.7±1.3 
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Table 4. Main results under C-MAPSS-derived equipment-state disturbance scenarios 

Method TT↓ RC↓ CVR (%)↓ SDI↓ Runtime (s)↓ Adjusted tasks (%)↓ 

PDR 214.3±8.5 57.9±2.9 10.8±0.7 0.168±0.012 0.21±0.04 46.7±2.9 

CP-SAT 163.5±6.7 64.1±3.2 2.3±0.3 0.184±0.014 45.7±4.1 52.9±3.5 

HGA-TS 151.2±6.1 53.8±2.6 6.4±0.5 0.149±0.010 25.2±2.6 39.6±2.5 

DQN-DFJSP 156.8±6.4 50.4±2.5 6.9±0.6 0.143±0.010 8.6±0.8 38.1±2.3 

GNN-DRL 145.7±5.8 48.6±2.3 5.2±0.4 0.136±0.009 11.2±1.0 36.4±2.1 

MachineRank-D3QN 139.6±5.4 45.8±2.1 4.6±0.4 0.128±0.008 9.4±0.9 34.8±2.0 

ET-DQN 136.9±5.1 44.1±2.0 4.0±0.4 0.123±0.008 9.0±0.8 33.6±1.9 

DDQN-APS 134.2±4.9 43.0±2.1 3.9±0.4 0.117±0.007 8.5±0.8 32.9±1.9 

ND3QNP 131.7±4.6 41.8±2.0 3.4±0.3 0.112±0.007 9.3±0.9 31.1±1.8 

Proposed 126.5±4.3 40.1±1.8 2.6±0.3 0.097±0.006 7.6±0.7 27.8±1.5 

Figure 4. Normalized overall performance across six evaluation metrics on the two datasets
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Figure 5. TT–SDI trade-off relationship: 
(a) OR-Library and

(b) C-MAPSS

4.3 Statistical Significance Analysis 

To provide an exploratory statistical assessment of the main 
results, this paper selects three strong dynamic scheduling 
baselines, namely ET-DQN, DDQN-APS, and ND3QNP, and 
conducts paired t-tests between these baselines and Proposed 
on the two datasets. The test object is the TT results from five 
repeated experiments, and the significance threshold is set to 
𝑝𝑝 < 0.05. As shown in Table 5, Proposed achieves positive 
TT improvements over the three baselines on both OR-
Library and C-MAPSS, and all p-values are below 0.05. Most 
comparisons with ET-DQN and DDQN-APS reach 𝑝𝑝 <

0.01 . These results provide preliminary evidence of TT 
differences within the current experimental settings. None of 
the 95% confidence intervals crosses zero, showing a 
consistent improvement direction across the five paired runs. 
However, the limited number of runs restricts statistical 
power and the assessment of distributional assumptions; 
therefore, the p-values and confidence intervals should not be 
interpreted as definitive population-level inference. Mean 
differences and standard deviations are considered together 
with the test results. Figure 6 visualizes the 95% confidence 
intervals of TT improvement over the strong dynamic 
baselines. 

Table 5. Paired t-test results between Proposed and strong baselines 

Dataset Comparison ΔTT↓ t-value p-value 95% CI of ΔTT 

OR-Library ET-DQN − Proposed 10.5 5.42 0.0056 [5.1, 15.9] 

OR-Library DDQN-APS − Proposed 7.1 4.38 0.0119 [2.6, 11.6] 

OR-Library ND3QNP − Proposed 5.4 3.71 0.0206 [1.3, 9.5] 

C-MAPSS ET-DQN − Proposed 10.4 5.16 0.0068 [4.8, 16.0] 

C-MAPSS DDQN-APS − Proposed 7.7 4.64 0.0097 [3.1, 12.3] 

C-MAPSS ND3QNP − Proposed 5.2 3.58 0.0232 [1.1, 9.3] 
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Figure 6. 95% confidence intervals of TT improvement over strong dynamic baselines 

4.4 Representation and Feature Space 
Analysis 

To examine the state–constraint–resource representation 
patterns, this paper conducts t-SNE, feature-distribution, and 
embedding-heatmap analyses. The representation vectors are 
extracted from the state–constraint joint encoding layer 
before rescheduling decisions and include state deviations, 
task dependencies, resource capacities, and time-window 
constraint features. Figure 7 shows that DQN-DFJSP and 
some dynamic scheduling methods exhibit representational 
overlap between normal and disturbed states. In contrast, the 
normal, mildly disturbed, and severely disturbed samples of 
Proposed form clearer local cluster structures. 

Figure 8 presents the feature distributions of normal and 
disturbed states. Under disturbed states, Proposed shows 

relatively concentrated responses and generally shorter 
distribution tails, which are consistent with a more compact 
disturbance-state representation. Figure 9 shows the task–
constraint–resource embedding heatmap. Affected tasks have 
stronger responses to resource-capacity and time-window 
constraints, whereas unaffected tasks show lower embedding 
intensity. This phenomenon shows a certain correspondence 
with the local repair and task-locking design. Table 6 shows 
that Proposed achieves the best Silhouette and DBI values on 
both datasets, although it does not lead every CHI or inter-
cluster-distance comparison. These analyses provide 
descriptive representation evidence rather than proof of 
causal mechanisms or generalization beyond the 
reconstructed scenarios. Therefore, the visualizations should 
be interpreted together with Table 6 and the main 
experimental results. 

Table 6. Quantitative representation metrics 

Method Dataset Silhouette ↑ DBI ↓ CHI ↑ Inter-cluster 
distance ↑ 

DQN-DFJSP OR-Library 0.318 1.82 431.6 2.21 

GNN-DRL OR-Library 0.354 1.64 489.7 2.43 

ET-DQN OR-Library 0.389 1.47 528.4 2.58 

DDQN-APS OR-Library 0.397 1.39 556.2 2.79 

ND3QNP OR-Library 0.428 1.25 651.8 3.08 

Proposed OR-Library 0.466 1.11 638.5 3.19 

DQN-DFJSP C-MAPSS 0.291 1.93 402.7 2.06 

GNN-DRL C-MAPSS 0.329 1.75 458.9 2.34 

ET-DQN C-MAPSS 0.363 1.56 493.5 2.45 
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DDQN-APS C-MAPSS 0.381 1.46 616.4 2.62 

ND3QNP C-MAPSS 0.405 1.35 552.8 3.12 

Proposed C-MAPSS 0.447 1.18 603.1 3.05 

Figure 7. t-SNE visualization of the state–constraint–resource representation space 
(a) DQN-DFJSP

(b) ND3QNP
(c) Proposed

Figure 8. Feature distributions of normal and disturbed states: 
(a) OR-Library and

(b) C-MAPSS
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Figure 9. Task–constraint–resource embedding heatmap 

4.5 Interpretability and Attention Analysis 

To examine the observed decision patterns of Proposed, this 
paper visualizes the constraint contribution weights and 
trigger scores. The constraint contribution weights are 
calculated from the normalized contributions of time-window 
constraints, resource-capacity constraints, dependency 
propagation, mold compatibility, and delivery constraints to 
the trigger score and the rescheduling objective. Figure 10 
shows the constraint contribution heatmaps under different 
disturbance scenarios. It can be observed that resource-
capacity constraints receive higher weights under equipment-
unavailability scenarios, time-window constraints account for 
a larger proportion under processing-delay scenarios, and 
delivery-deadline changes mainly activate delivery 
constraints. These results show descriptive differences in 
constraint-weight distributions across disturbance types. 

Figure 11 shows the decomposition results of the trigger 
score 𝑞𝑞𝑡𝑡  and its cross-run distribution. Under minor 
disturbances, state deviations and tardiness risks are 
relatively low, and the system mostly maintains the original 
plan. Under medium- and high-intensity disturbances, the 
constraint violation and tardiness-risk terms increase, thereby 
triggering local rescheduling. The trigger-score distributions 
are relatively concentrated, suggesting limited variation 
within the five repeated runs rather than broader statistical 
stability. Combining Figures 10 and 11, Proposed shows 
constraint responses that vary with disturbance type and focus 
rescheduling on affected tasks and their dependency 
neighborhoods. These results provide auxiliary descriptive 
evidence for interpreting constraint contribution 
identification and state triggering, but do not establish causal 
mechanisms or generalization beyond the reconstructed 
scenarios. 

Figure 10. Constraint contribution heatmap under different disturbance scenarios
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Figure 11. Trigger score decomposition and stability distribution: 
(a) trigger score decomposition and

(b) trigger-score cross-run distribution

4.6 Error and Failure Case Analysis 

To avoid presenting only positive results, this paper analyzes 
the failure cases of Proposed under extreme disturbances. 
Figure 12 presents four scenarios: simultaneous 
unavailability of multiple critical pieces of equipment, 
substantially advanced delivery deadlines, insufficient 
dependency propagation order, and severe sensor noise or 
overly strong state-deviation mapping. For the first scenario, 
two, three, and four critical resources are simultaneously 
unavailable, and the local-only and hybrid strategies are 
compared. With two unavailable resources, the affected-task 
ratio remains below 𝜂𝜂 = 0.45, and local repair is retained. 
With three or four unavailable resources, the threshold is 
exceeded or no feasible local solution exists, activating global 
rescheduling of unlocked tasks. In the representative 
reconstructed cases, the hybrid fallback alleviates residual 
tardiness and constraint violations by expanding the 
adjustment scope, although it is accompanied by higher RC, 
SDI, and runtime. This comparison is descriptive because 
complete factory-level cost and execution records are 
unavailable. TT may remain high because multiple failures 
substantially reduce resource capacity. 

When deadlines are substantially advanced, some tasks 
remain unable to satisfy delivery constraints because the 
feasible region becomes too narrow. A small BIM/IFC 
dependency order ℎ may omit indirectly affected tasks and 
cause secondary tardiness. Sensor-noise sensitivity is 

analyzed at 5%, 10%, and 20% of the normalized state range. 
Let 𝐾𝐾𝑞𝑞 = 𝑤𝑤𝑠𝑠 + 𝑤𝑤𝑣𝑣𝐿𝐿𝑉𝑉𝐿𝐿𝑈𝑈. Based on Section 3.6, these levels 
produce trigger-score uncertainty bounds of 0.05𝐾𝐾𝑞𝑞, 0.10𝐾𝐾𝑞𝑞, 
and 0.20𝐾𝐾𝑞𝑞 , respectively. The decision remains unchanged 
when ∣ 𝑞𝑞𝑡𝑡 − 𝜃𝜃 ∣  exceeds the corresponding bound. Severe 
noise may reverse decisions near 𝜃𝜃, causing false or missed 
triggers and increasing SDI. This is a bounded sensitivity 
interpretation rather than physical-sensor evidence. 

Table 7 summarizes the failure types and responses. The 
reconstructed failure cases suggest that the hybrid strategy 
can alleviate local-repair failure when the affected-task ratio 
exceeds 45%, but it cannot fully resolve severe resource 
shortages or near-infeasible deadlines. The trigger remains 
stable outside the noise-dependent uncertainty interval, while 
near-threshold samples require calibration or confirmation. 
These extensions can be incorporated without changing the 
closed-loop structure. Backup resource substitution would 
add alternative equipment or mold sets to Δ𝐶𝐶𝑡𝑡𝑟𝑟𝑟𝑟𝑟𝑟 , which 
would be tested before global fallback when local repair is 
infeasible. Adaptive propagation would replace fixed ℎwith a 
disturbance-dependent ℎ𝑡𝑡  to update Ω𝑡𝑡  and 𝑊𝑊𝑡𝑡 . Feasibility 
pre-assessment would screen the repair window before 
optimization, while state-deviation calibration would precede 
constraint updating and trigger evaluation.     Figure 12(a)–
(c) visualize representative reconstructed test instances,
whereas Figure 12(d) presents analytical uncertainty bounds
rather than physical-sensor measurements.

Table 7. Failure types, causes, and future directions 

Failure type Observed result Main cause Response or future decision 

Simultaneous unavailability 
of multiple critical pieces of 
equipment 

Local-only repair retains 
high TT; the hybrid strategy 
expands the repair scope 

Resource capacity is overly 
tightened 

Activate global fallback and 
investigate backup-resource 
substitution 
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Substantially advanced 
delivery deadlines 

CVR decreases, but 
tardiness cannot be 
eliminated 

The original problem is close 
to infeasible 

Add feasibility pre-
assessment and risk 
classification 

Insufficient dependency 
propagation order 

Secondary tardiness occurs 
in subsequent tasks 

The propagation order omits 
indirect dependencies 

Design adaptive propagation 
depth 

Sensor noise or overly 
strong state-deviation 
mapping 

Trigger-score uncertainty 
increases from 0.05K_q to 
0.20K_q; near-threshold 
decisions may change and 
increase SDI 

Measurement errors 
propagate through state 
deviations and constraint 
updating 

Introduce noise filtering, 
uncertainty intervals, and 
state-deviation calibration 

Excessively high affected-
task ratio 

Global fallback is activated 
when (r_t>0.45) 

The local repair scope is too 
large 

Refine the switching 
threshold for different 
production scales 

Figure 12. Visualization of failure cases: 
(a) multiple equipment failures;

(b) advanced delivery deadlines;
(c) insufficient dependency propagation depth;

(d) severe sensor noise or overly strong state-deviation mapping
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4.7 Ablation Study 

To analyze each module, this paper conducts ablation 
experiments on OR-Library and C-MAPSS. Proposed uses 
BIM-DT state-updated constraint propagation, state 
triggering, dependency-based affected-task identification, the 
local window, task locking, and adaptive stability weighting. 
The variants include w/o BIM-DT, Static Ω𝑡𝑡 , w/o Trigger, 
w/o Window, w/o Locking, and w/o Adaptive. In w/o 
Adaptive, the deviation term is retained, but 𝜆𝜆𝑡𝑡  is replaced 
with a validation-selected fixed weight 𝜆𝜆fix . Results are 
reported as mean ± standard deviation over five runs. 

As shown in Table 8, removing BIM-DT propagation 
prevents equipment and progress deviations from updating 
time, resource, and dependency constraints, increasing TT 
and CVR. Static Ω𝑡𝑡 includes only directly disturbed tasks and 
omits downstream dependencies, causing unresolved 
violations and secondary tardiness. Without triggering, minor 
deviations initiate unnecessary repairs, increasing RC, SDI, 
and the adjusted-task ratio. Removing the local window 
produces the broadest adjustment scope, whereas removing 

task locking allows completed, non-interruptible, and high-
cost tasks to change; both increase SDI and the adjusted-task 
ratio. 

The simultaneous increase in TT and SDI under w/o 
Adaptive results from applying one fixed weight across 
different disturbance intensities. Under mild disturbances, it 
can be too weak to suppress unnecessary adjustments, 
increasing SDI; under severe disturbances, it can be too 
strong to permit sufficient tardiness recovery, increasing TT. 
Thus, the aggregate deterioration reflects different 
disturbance subsets rather than identical behavior in every 
instance. Overall, constraint propagation mainly supports 
feasibility and tardiness control, while triggering, window 
construction, task locking, and adaptive weighting regulate 
adjustment scope and stability.  

Figure 13 shows the percentage degradation after ablation, 
calculated as (𝑀𝑀ablation − 𝑀𝑀Proposed)/𝑀𝑀Proposed × 100% , 
where all metrics are lower-is-better. In Figure 14, ℎvaries 
within {1, 2, 3} , while 𝜃𝜃 and 𝜌𝜌 are perturbed around their 
validation-set optimal values to evaluate parameter 
sensitivity. 

Table 8. Complete numerical results of the ablation experiments 

Dataset Variant TT↓ RC↓ CVR (%)↓ SDI↓ Adjusted tasks 
(%)↓ 

OR-Library w/o BIM-DT 113.6±5.1 36.9±2.2 4.8±0.5 0.101±0.008 28.7±1.9 

OR-Library Static Ω𝑡𝑡 110.8±4.9 35.8±2.0 4.2±0.4 0.096±0.007 26.1±1.7 

OR-Library w/o Trigger 101.9±4.4 39.5±2.1 2.3±0.3 0.112±0.008 34.2±2.1 

OR-Library w/o Window 103.2±4.6 44.8±2.5 2.7±0.4 0.124±0.010 37.6±2.4 

OR-Library w/o Locking 105.4±4.2 41.7±2.1 2.4±0.3 0.117±0.009 35.1±2.2 

OR-Library w/o Adaptive 107.1±4.8 38.2±1.9 2.9±0.4 0.106±0.007 30.8±1.8 

OR-Library Proposed 96.4±3.5 34.1±1.6 1.8±0.2 0.085±0.005 24.7±1.3 

C-MAPSS w/o BIM-DT 146.8±5.9 43.5±2.3 5.9±0.6 0.121±0.009 33.8±2.1 

C-MAPSS Static Ω𝑡𝑡 143.5±5.6 42.4±2.2 5.1±0.5 0.116±0.008 31.6±1.9 

C-MAPSS w/o Trigger 132.8±5.0 46.7±2.5 3.0±0.4 0.128±0.009 37.4±2.3 

C-MAPSS w/o Window 136.1±5.2 51.4±2.8 3.6±0.4 0.139±0.011 41.5±2.7 

C-MAPSS w/o Locking 138.7±5.0 48.6±2.5 3.1±0.4 0.132±0.009 39.3±2.4 

C-MAPSS w/o Adaptive 140.2±5.6 44.9±2.2 3.8±0.5 0.123±0.008 35.2±2.0 

C-MAPSS Proposed 126.5±4.3 40.1±1.8 2.6±0.3 0.097±0.006 27.8±1.5 
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Figure 13. Ablation-induced Performance Degradation on Two Reconstructed Disturbance Scenarios: 
(a) OR-Library;
(b) C-MAPSS

Figure 14. Sensitivity Analysis of Key Parameters: 
(a) Dependency Depth ℎ;
(b) Trigger Threshold 𝜃𝜃;
(c) Stability Coefficient 𝜌𝜌

5. Discussion

This paper proposes a stable local rescheduling framework 
based on BIM-DT state-updated constraint propagation to 
address the insufficient coupling among BIM/IFC 
constraints, digital-twin feedback, and post-disturbance 
rescheduling in prefabricated component manufacturing. 
Unlike rule-based, constraint-optimization, metaheuristic, 
and reinforcement-learning approaches, the method does not 
treat disturbances as isolated trigger labels and avoids global 
re-optimization under locally repairable disturbances. 
Instead, its closed-loop process of “constraint generation–
state updating–task identification–local repair” transforms 
BIM/IFC relationships and equipment-state deviations into 
dynamic constraints, affected tasks, trigger signals, and repair 
boundaries. 

The BIM-DT State-Updated Constraint Propagation 
module transforms floor sequences, assembly dependencies, 
operation precedence, mold compatibility, and resource 

capacity into initial constraints. It then updates the feasible 
region according to equipment failures, processing delays, 
capacity changes, and deadline adjustments. Compared with 
semantic digital-twin scheduling [18], BIM–RFID 
monitoring [27], due-date-uncertainty scheduling [31], and 
DRL-based precast scheduling [32], the proposed method 
specifically connects BIM/IFC dependencies and digital-twin 
deviations with constraint updating, affected-task 
identification, and repair-boundary determination. This 
represents a difference in the decision pathway rather than 
universal superiority. The local rescheduling module limits 
adjustments to affected tasks and their dependency 
neighborhoods, while task locking protects completed, non-
interruptible, or high-cost tasks. When the affected-task ratio 
exceeds 𝜂𝜂 = 0.45 or local repair is infeasible, the hybrid 
fallback expands the window to all unlocked tasks. The 
adaptive stability weight further adjusts the deviation penalty 
according to disturbance scope. 

In current factory practice, disturbances are often handled 
through periodic schedule review or manually initiated large-
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scale adjustment. The proposed workflow would instead 
convert real-time state deviations into event-triggered 
constraint updates and bounded repair recommendations 
delivered through MES/ERP. Production planners would 
retain final approval through the candidate-acceptance step, 
allowing gradual integration without replacing existing 
execution systems. Because the present validation uses 
reconstructed data, this operational impact remains 
prospective rather than empirically demonstrated. 

Experiments reconstructed from OR-Library and NASA 
C-MAPSS show that the proposed method generally achieves
lower tardiness, rescheduling cost, schedule deviation, and
adjusted-task ratio than most baselines. Compared with
ND3QNP, it reduces TT from 101.8 to 96.4 on OR-Library
and from 131.7 to 126.5 on C-MAPSS. Paired t-tests provide
preliminary within-setting evidence for these differences,
although the five repeated runs limit statistical power and
population-level inference. Ablation results indicate that
constraint propagation, state triggering, local-window
construction, task locking, and adaptive stability control
contribute differently to the evaluated metrics.
Representation analyses provide descriptive correspondences
among state deviations, constraint contributions, trigger
scores, and rescheduling decisions. Relative to ND3QNP, the
proposed method achieves rescheduling-cost saving rates of
4.2% and 4.1% and delivery-delay reduction rates of 5.3%
and 3.9% on OR-Library and C-MAPSS, respectively.

The framework provides a reproducible constraint-driven 
repair method that reduces unnecessary schedule changes 
under locally repairable scenarios, with conditional global 
fallback for extreme disturbances. Nevertheless, the 
experiments use reconstructed public data rather than 
complete factory BIM-DT data. BIM/IFC constraints are 
represented mainly through scheduling mappings and do not 
fully capture complex geometric, spatial, and assembly 
semantics. C-MAPSS state patterns may also differ from 
those of actual production equipment, while uniformly 
adapted baselines may not reflect their optimal performance 
in their original settings. Moreover, the economic indicators 
are operational proxies because monetary unit costs and 
actual factory delivery records are unavailable. 

For industrial deployment, the framework can be 
implemented progressively through factory sensing and edge 
synchronization, BIM-DT integration, rescheduling-service 
connection, and MES/ERP-assisted execution, as shown in 
Figure 1(b). Implementation requires mapping heterogeneous 
sensor, IFC, and production data to a synchronized state 
model and connecting the rescheduling module through 
standard interfaces. Key barriers include incomplete IFC 
attributes, legacy-system compatibility, delayed sensor 
streams, and communication latency. These issues can be 
addressed through configurable data adapters, edge filtering 
and synchronization, latency-aware triggering, and planner 
approval before execution. 

Although recent studies have reported BIM-, IoT-, and 
digital-twin-enabled platforms for precast production, 
published evidence based on complete real-factory BIM-DT 
scheduling records remains limited. Future research will 
combine real BIM/IFC models, production records, sensor 

streams, disturbance logs, and factory schedules to validate 
practical applicability. The data will be aligned through 
component and equipment identifiers and timestamps, used 
to calibrate state–constraint mappings and trigger thresholds, 
and evaluated through historical replay followed by shadow-
mode deployment. Disturbance logs will be used to 
reconstruct equipment failures, delays, resource shortages, 
and deadline changes, while factory schedules will provide 
references for comparing the proposed method with manual 
rescheduling decisions. Performance will be compared with 
factory plans and manual rescheduling using TT, RC, CVR, 
SDI, adjusted-task ratio, and runtime. Further work will 
examine state-deviation calibration, feasibility pre-
assessment, adaptive dependency propagation, backup-
resource substitution, and adaptive local–global switching 
thresholds under large-scale disturbances, extreme deadline 
compression, and uncertain production environments. 

6. Conclusion

This study developed a BIM-DT state-updated constraint 
propagation framework for disturbance-oriented 
rescheduling in prefabricated component manufacturing. The 
framework maps floor sequences, assembly dependencies, 
operation precedence, mold compatibility, and resource 
capacity derived from BIM/IFC into production constraints 
and updates the feasible region according to digital-twin state 
deviations. State-triggered activation, dependency-based 
repair-window construction, task locking, adaptive stability 
weighting, and conditional local–global switching are 
integrated to regulate the timing and scope of schedule 
adjustment. 

Under the reconstructed OR-Library and C-MAPSS 
scenarios, the proposed method achieved lower total 
tardiness, rescheduling cost, schedule deviation, and 
adjusted-task ratios than most comparison methods. 
Compared with ND3QNP, total tardiness decreased from 
101.8 to 96.4 on OR-Library and from 131.7 to 126.5 on C-
MAPSS. The ablation results further indicate that constraint 
propagation mainly supports feasibility and tardiness control, 
whereas state triggering, local-window construction, task 
locking, and adaptive stability weighting regulate adjustment 
scope and schedule stability. The hybrid fallback also 
provides a wider repair option when the affected-task ratio is 
high or local repair becomes infeasible. 

These findings support the proposed mechanism under 
reconstructed disturbance scenarios rather than demonstrate 
factory-level effectiveness. The principal limitations include 
the use of reconstructed public data, simplified BIM/IFC 
semantic mappings, possible differences between C-MAPSS 
state patterns and actual production equipment, uniformly 
adapted baseline settings, and proxy-based economic 
indicators. Further validation should use real factory 
BIM/IFC models, production records, sensor streams, 
disturbance logs, and schedule data through historical replay 
and shadow-mode deployment. 
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