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 Optical film cutting is a critical upstream process in LCD and electronics manufacturing, 
characterized by high material costs, diverse order specifications, and frequent demand fluctuations 
that complicate production planning. In practice, manufacturers must coordinate cutting methods, 
manage semi-finished inventory across multiple periods, and handle recyclable waste 
simultaneously. However, these decisions are often made independently, resulting in excessive 
material usage, unstable inventory levels, and avoidable waste. This study develops a multi-period 
optimization framework for LCD optical film cutting that integrates two production routes, namely 
slitting and miter cutting, with inventory control and waste recycling. The model captures key 
operational trade-offs, including process selection, timing of intermediate production, and 
recycling decisions. It first minimizes total costs, incorporating material, processing, inventory, and 
waste-related costs, and is further extended into a bi-objective formulation that jointly considers 
operational cost and waste generation. The primary contribution of this research is to provide an 
integrated decision framework that reflects real production conditions in electronics manufacturing. 
By linking cutting, inventory, and recycling decisions across multiple periods, the model enables 
more coordinated planning and improved resource utilization. A case study with large-scale order 
data shows that the proposed approach can reduce waste, stabilize inventory, and improve the 
balance between cost efficiency and environmental performance. The analysis also reveals that 
cutting assignments tend to concentrate around several preferred angle configurations under 
realistic production conditions, suggesting the existence of practical process preferences and 
recurring operational patterns in optical film manufacturing. Overall, this study offers a practical 
planning tool for optical film converting operations and is applicable to other high-value, roll-based 
materials in precision manufacturing environments where inventory linkage, process flexibility, 
and recyclable waste are critical considerations. 
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1. Introduction 

 
The liquid crystal display (LCD) industry has become a fundamental pillar of the global electronics sector, facilitating the 
widespread adoption of high-quality visual interfaces in devices ranging from televisions and smartphones to laptops and 
automotive displays (Li et al., 2024). As of 2025, the LCD market continues to experience sustained growth, driven by 
innovations in resolution, flexibility, and energy efficiency, as well as increasing demand from emerging applications such as 
augmented reality and electric vehicles. However, this growth is constrained by inherent challenges within the production 
chain, where raw material costs, particularly for optical films like polarizers, diffusion sheets, and brightness enhancement 
films, account for 60–70% of total manufacturing expenses (Huang et al., 2017). These films are essential for modulating 
light and enhancing image quality, yet their production involves complex cutting processes that are prone to inefficiencies, 
waste generation, and environmental impacts (Pan et al., 2008). Furthermore, operational efficiency and performance 
evaluation in TFT-LCD manufacturing have been widely studied, highlighting the importance of systematic analysis tools 
such as data envelopment analysis (DEA) in improving productivity and competitiveness (Lee & Pai, 2011). 
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The core challenge in cutting LCD optical films involves a two-stage process: initial slitting or miter cutting to produce semi-
finished rolls or strips, followed by die cutting to meet precise customer specifications (Kim et al., 2017). Traditional methods, 
often relying on fixed-angle rules or empirical judgment, frequently lead to suboptimal outcomes, such as increased material 
waste and higher disposal costs (Durak & Tuzun Aksu, 2017a). These challenges are further complicated by dynamic factors 
such as fluctuating order volumes, angle-specific constraints related to optical properties, and limited machine capacities that 
restrict arbitrary film orientations (Ho et al., 2022). In addition, production scheduling and control mechanisms, such as the 
Drum–Buffer–Rope (DBR) system, have been applied to TFT-LCD cell plants to enhance throughput and reduce bottlenecks 
under complex manufacturing conditions (Wu et al., 2010). In multi-period settings, demand variability requires advanced 
inventory management strategies for semi-finished products, as stockpiling can prevent shortages but also incurs holding costs 
(Wang et al., 2022). Additionally, the growing environmental imperative to reduce waste through recycling is becoming 
increasingly important, driven by regulatory requirements and sustainability objectives (Tsui et al., 2015).  
 
Contemporary research emphasizes the critical need for advanced optimization in LCD manufacturing. Data analytics have 
identified key yield determinants, highlighting the role of cutting efficiency in defect reduction and cost control (Hsu et al., 
2010; Chu et al., 2016). Meanwhile, emerging technologies such as virtual metrology have gained attention in semiconductor 
and display manufacturing for enabling real-time quality prediction and process control, further enhancing production 
efficiency (Maitra et al., 2024). Coordinated planning across supply chains demonstrates the necessity for models that 
accommodate uncertainties (Chen et al., 2014; Lin et al., 2011). Empirical evidence from Taiwan's TFT-LCD facilities shows 
that algorithmic interventions can increase yields by up to 15% (Wu et al., 2011). However, limited attention has been given 
to integrating inventory dynamics and waste recycling into cutting models, despite their potential to reduce operational 
expenses (Kuo & Hsieh, 2014). Bi-objective formulations that balance economic and environmental metrics provide a 
promising approach to holistic solutions (Hong et al., 2018; Shin & Kang, 2010). 
 
This study addresses existing gaps by developing a multi-period mixed-integer programming (MIP) model for cutting LCD 
optical films, integrating inventory management and waste recycling mechanisms. The model reduces total costs—including 
materials, processing, disposal, and holding—while leveraging recycling revenues. A genetic algorithm (GA) is designed to 
tackle the NP-hard problem, extended to a bi-objective framework that minimizes both cost and waste, solved using NSGA-
II to achieve Pareto optimality (Saraç & Sağır, 2021; do Nascimento et al., 2022). Validated through a simulation involving 
160 orders over 20 periods, the approach achieves cost reductions of 5–15% through balanced cutting strategies. 
Accompanying visualizations—such as cost trends, inventory levels, waste patterns, and decision matrices—provide valuable 
operational insights. Recent advances in manufacturing optimization also include integrated approaches for order allocation, 
lot sizing, and sequencing in complex production systems, as well as multi-objective assembly line balancing considering 
workforce heterogeneity, which further demonstrate the importance of holistic optimization frameworks (Fang & Yeh, 2025; 
Fang et al., 2026; Kang et al., 2025). 
 
The contributions are multifaceted: (1) extending single-period paradigms by incorporating temporal dimensions, inventory 
management, and recycling (Gribling et al., 2023; Deza & Khalil, 2023); (2) providing bi-objective insights into economic-
environmental trade-offs using advanced heuristics (Aktin & Özdemir, 2009; Beasley, 2004); and (3) offering practical tools 
for LCD producers aligned with eco-friendly objectives (Ahmad & Choi, 2007; Jeong et al., 2001). The structure of the paper 
is as follows: Section 2 reviews relevant literature, Section 3 presents the model, Section 4 describes the algorithms, Section 
5 discusses results and analysis, and Section 6 concludes with future directions. 
 
To provide further context, the evolution of LCD technology from conventional backlighting to mini-LED and hybrid 
configurations has increased the complexity of cutting processes (Li et al., 2024). Defects, such as irregular edges or 
misalignments, can result in yield losses of up to 20%, necessitating more refined models (Pan et al., 2008). Vision-integrated 
systems that incorporate deep learning for residue identification have improved path precision (Huang et al., 2022; Huang & 
Bhalla, 2022). However, these systems remain isolated and lack integration with optimization strategies for inventory 
management and recycling. 
 
Inventory management over multiple periods facilitates anticipatory production, mitigating demand fluctuations (Lin et al., 
2011). Moreover, integrating inventory allocation with scheduling decisions, such as advanced available-to-promise (ATP) 
mechanisms, has been shown to improve delivery performance and cost efficiency in make-to-forecast systems (Rabbani et 
al., 2016). For example, surplus slitting during low-demand phases can accumulate semi-finished stock, reducing urgent 
production costs while incurring additional storage expenses. Recycling converts waste into resources, with recovery rates 
reaching up to 20% in modern facilities, offsetting disposal costs (Kuo & Hsieh, 2014). Bi-objective models enable Pareto 
analysis, allowing managers to select optimal trade-offs that balance cost and waste according to their preferences (Tsui et al., 
2015). Algorithmically, Genetic Algorithms (GA) and NSGA-II are well-suited for NP-hard problems, as branch-and-bound 
methods struggle with large-scale instances (Basu et al., 2023; Zhang et al., 2022). GA's population-based search explores 
diverse cutting patterns, while NSGA-II effectively handles multi-objective optimization through non-dominated sorting 
(Deza & Khalil, 2023). Case studies on TFT-LCD manufacturing demonstrate GA's effectiveness in yield improvement (Chu 
et al., 2016; Hsu et al., 2010). 
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In summary, this study advances LCD cutting optimization by incorporating sustainability and adaptability, providing tools 
for practical implementation in a field challenged by financial constraints and environmental regulations. 

 
2. Literature Review 
 
The body of research on manufacturing optimization, particularly cutting stock problems (CSP), provides the foundation for 
LCD optical film cutting. CSP aims to minimize material waste while meeting specific requirements, which are characterized 
by dimensionality and variety heterogeneity (Dyckhoff, 1990, as cited in Saraç & Sağır, 2021). Two-dimensional CSP, relevant 
to LCD films, involves planar cutting with constraints on orientation and shape (Lodi et al., 2002, as cited in do Nascimento 
et al., 2022). 
 
In the LCD/TFT domain, cutting involves processing glass substrates and optical films. Huang et al. (2017) proposed a mixed-
integer programming (MIP) model for LCD film cutting, combining slitting and mitering techniques to reduce costs by 6.2%. 
Tsai et al. (2009) developed an algorithm for TFT-LCD chip-scale packaging (CSP), utilizing MIP for guillotine cuts in hybrid 
fabrication processes. Durak and Tuzun Aksu (2017a) applied dynamic programming to online glass cutting with defects, 
addressing production constraints. Pan et al. (2008) investigated the quality of TFT-LCD substrate cutting, comparing 
mechanical and laser methods. 
 
Blemish detection is essential because imperfections require adaptive processing paths. Ho et al. (2022) introduced machine 
vision techniques to identify anomalies in LCD glass, enabling real-time adjustments. Huang and Bhalla (2022) applied deep 
learning to detect residues on panels, autonomously generating laser trajectories. Huang et al. (2022) employed neutrosophic 
Canny segmentation to identify defects in panels, improving detection accuracy. 
 
Yield augmentation through data mining is widespread. Hsu et al. (2010) analyzed TFT-LCD data to identify key yield 
determinants, highlighting cutting as a critical factor. Chu et al. (2016) examined big data from Taiwan's TFT-LCD facilities, 
establishing correlations between array processes and yield. Wu et al. (2011) proposed rework dispatching for modules to 
reduce cutting defects. 
 
Capacity orchestration in networks is essential for multi-period frameworks. Chen et al. (2014) developed a stochastic 
programming model for TFT-LCD capacity under uncertainty. Lin et al. (2011) proposed a stochastic model for strategic 
planning in the TFT-LCD industry. Wang et al. (2022) utilized a parallel genetic algorithm for multi-echelon supply chains in 
TFT-LCD panel production. 
 
Algorithmic innovations for the Cutting Stock Problem (CSP) include Mixed-Integer Programming (MIP) and heuristic 
methods. Kim et al. (2017) applied 0-1 MIP to the cutting of LCD panels. Basu et al. (2023) analyzed the complexity of 
branch-and-bound algorithms enhanced with cutting planes in MIP. Zhang et al. (2022) proposed general cutting planes for 
verification purposes, which are adaptable to CSP constraints. Saraç and Sağır (2021) modeled 1.5D cutting with technical 
restrictions, similar to the processing of film rolls. 
 
Usable remnants and detritus governance are becoming increasingly important. Do Nascimento et al. (2022) incorporated 
leftovers into 2D CSP using heuristic methods. Recycling in LCD manufacturing is still in its early stages but remains vital; 
Li et al. (2024) optimized seam elimination during splicing to minimize detritus. Kuo and Hsieh (2014) applied orthogonal 
particle swarm optimization (PSO) to improve ACF cutting yield in TFT-LCD production. 
 
Multi-objective extensions balance cost and sustainability. Gribling et al. (2023) introduced a quantum max-cut approach for 
optimization. Deza and Khalil (2023) surveyed machine learning techniques for cutting planes in integer programming. Aktin 
and Ozdemir (2009) integrated one-dimensional cutting stock problems in stent design, similar to film applications. Beasley 
(2004) employed population-based heuristics for two-dimensional cutting. Cung et al. (2000) applied branch-and-bound 
methods to constrained cutting stock problems. 
 
Heuristics for LCD include the linear programming (LP) model by de Carvalho and Rodrigues (1995) for two-stage 
capacitated lot-sizing problems (CSP). Gradisar and Trkman (2005) combined various approaches for one-dimensional CSP. 
Tsui et al. (2015) applied a hybrid multi-criteria decision-making (MCDM) method to select green suppliers in TFT-LCD 
manufacturing, emphasizing sustainability. Jeong et al. (2001) developed scheduling methods for TFT-LCD assembly, while 
Hong et al. (2018) proposed a genetic algorithm (GA) for photolithography scheduling. Ahmad and Choi (2007) applied 3D 
shape-from-focus techniques in LCD manufacturing. Shin and Kang (2010) developed rework dispatching methods for 
modules. To deepen the discourse, CSP typologies have evolved, with Dyckhoff's (1990) classification informing modern 
variants such as online cutting with defects (Durak & Tuzun Aksu, 2017a). In TFT-LCD manufacturing, yield losses caused 
by cutting defects necessitate integrated vision-optimization pipelines (Ho et al., 2022; Huang & Bhalla, 2022). Data mining 
techniques reveal patterns in array processes that are linked to supply chain replenishment (Hsu et al., 2010; Wu et al., 2011). 
Capacity models incorporate stochastic elements to address uncertainty (Chen et al., 2014; Lin et al., 2011). Parallel genetic 
algorithms (GA) enhance multi-echelon planning (Wang et al., 2022). Advances in mixed-integer programming (MIP), 
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including cutting-plane methods, improve solvability for large-scale instances (Basu et al., 2023; Zhang et al., 2022). One-
and-a-half-dimensional (1.5D) and two-dimensional (2D) cutting stock problems (CSP) with leftovers address waste reduction, 
aligning with recycling imperatives (Saraç & Sağır, 2021; do Nascimento et al., 2022). In liquid crystal display (LCD) 
manufacturing, seam optimization reduces optical waste (Li et al., 2024), while particle swarm optimization (PSO) enhances 
yield in anisotropic conductive film (ACF) cutting (Kuo & Hsieh, 2014). Bi-objective frameworks employing quantum 
computing or machine learning (ML) methods balance multiple performance metrics (Gribling et al., 2023; Deza & Khalil, 
2023). Heuristics such as population-based search are well-suited for constrained cutting problems (Beasley, 2004; Cung et 
al., 2000). Two-stage linear programming (LP) and combined heuristic approaches provide effective baselines (de Carvalho 
& Rodrigues, 1995; Gradisar & Trkman, 2005). Multi-criteria decision-making (MCDM) supports environmentally 
sustainable practices (Tsui et al., 2015), while genetic algorithms schedule complex production stages (Hong et al., 2018; 
Jeong et al., 2001). A focus on three-dimensional (3D) modeling and rework dispatching enhances product quality (Ahmad & 
Choi, 2007; Shin & Kang, 2010). 
 
Table 1 presents a comparison between representative studies in cutting stock and LCD manufacturing and the proposed 
research. Most existing studies focus on cutting pattern optimization under simplified assumptions, typically considering 
single-period settings and ignoring the interactions with inventory and recycling decisions. While some studies incorporate 
either inventory planning or waste reduction, they are often treated as separate problems. In addition, previous works on LCD 
cutting mainly focus on geometric optimization or scheduling, without considering multi-period coordination and process 
selection between different cutting methods. In contrast, this study integrates multi-period planning, cutting method selection 
(slitting and miter cutting), inventory management, and recycling considerations within a unified framework. Furthermore, 
the proposed bi-objective formulation explicitly captures the trade-off between operational cost and waste generation, 
providing a more comprehensive and practically applicable decision-support approach for real manufacturing environments. 

 
Table 1  
Comparison of related studies and the proposed research 
Reference Multi-period 

Planning 
Cutting Method 

Selection 
Inventory 

Consideration Recycling / Waste Bi-objective 
Optimization 

Industrial 
Applicability 

Beasley, J. E. (2004) ✕ ✔ (2D cutting) ✕ ✕ ✕ Low 
de Carvalho & Rodrigues 
(1995) ✕ ✔ (two-stage) Limited ✕ ✕ Moderate 

Huang et al. (2017) ✕ ✔ (LCD cutting) ✕ ✕ ✕ Moderate 
Kim et al. (2017) ✕ ✔ (MIP-based cutting) ✕ ✕ ✕ Moderate 
Tsai et al. (2009) ✕ ✔ (cutting stock, LCD) ✕ ✕ ✕ Moderate 
do Nascimento et al. (2022) ✕ ✔ ✕ ✔ (leftover reuse) ✕ Moderate 

Saraç & Sağır (2021) ✕ ✔ (technical 
constraints) ✕ Limited ✕ Moderate 

Chen et al. (2014) ✔ (capacity planning) ✕ ✔ ✕ ✕ High 
Wang et al. (2022) ✔ ✕ ✔ ✕ ✕ High 
Hong et al. (2018) ✕ ✕ (scheduling focus) ✕ ✕ ✕ High 
This study ✔ ✔ (Slitting & Miter) ✔ ✔ (Recycling included) ✔ High 
 
3. Basic Model Development 
 
The cutting of optical films in LCD manufacturing represents a critical yet complex production-planning problem in the 
electronics industry. As discussed in Section 2, optical films constitute a high-value material input and are subject to strict 
directional and dimensional requirements. Consequently, inefficient cutting decisions can lead to significant material waste, 
elevated operational costs, and increased environmental burden. 
 
In real manufacturing settings, the cutting process is not an isolated operation but part of a broader production system that 
involves multiple processing stages, heterogeneous customer orders, and dynamic demand across time. Production planners 
must simultaneously determine the cutting method for each order, allocate raw material, coordinate production across multiple 
periods, and manage semi-finished inventory and recyclable waste. These decisions are highly interdependent and must satisfy 
various physical and operational constraints. 
 
Fig. 1 illustrates the physical cutting mechanisms and material flows involved in slitting, miter cutting, and die cutting. Fig. 
2 shows the practical production flow of optical film processing in LCD manufacturing. These figures provide essential 
background for understanding the problem structure and the modeling decisions introduced in the following sections. 
 
Rather than treating cutting, inventory, and recycling as separate problems, this study formulates an integrated multi-period 
decision framework. The detailed mathematical formulation is presented in Section 3.2, followed by the bi-objective extension 
in Section 3.3 and the solution methodology in Section 3.4. 
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Fig. 1. Illustration of slitting and miter cutting processes in LCD optical film production. 

 

 
Fig. 2. Production flow of LCD optical film processing, including cutting and post-processing stages. 

 
3.1 Problem Description and Production Structure 
 
The production of LCD optical films involves processing roll-based materials into finished rectangular products that meet 
specific customer requirements in size, orientation, and quantity. As shown in Figure 2, the overall process consists of 
preprocessing, first-stage cutting, second-stage die cutting, and post-processing operations such as inspection and packaging. 
In this system, optical films are initially supplied in large coils and must be transformed through a two-stage cutting process: 
 
(1) First Stage Cutting: It determines how raw coils are converted into semi-finished forms. Two alternative methods are 
available: 
 
(a) Slitting: Cuts the coil lengthwise into narrower rolls using parallel blades. This method is suitable for zero-angle orders 
but may result in trim loss if the widths do not perfectly match the coil dimensions. 
(b) Miter Cutting: This method involves cutting at a specified angle to align with specific optical orientations, resulting in 
strips with minimal waste. However, it requires longer processing time and incurs higher costs. 
 
(2) Second Stage Cutting (Die Cutting): It converts semi-finished rolls or strips into final products according to customer 
specifications. 
 
The physical differences between slitting and miter cutting are illustrated in Fig. 1. Slitting is generally faster and less costly 
but may generate trim loss when coil widths do not match order dimensions. Miter cutting can improve material utilization 
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for angled products but involves higher processing complexity and cost. As a result, selecting the appropriate cutting method 
for each order becomes a key operational decision. 
 
The complexity of this problem is further increased by several practical factors: 
 
(1) Order Heterogeneity: Customer orders vary in size, aspect ratio, and cutting angle, typically ranging from 0 to 45 degree. 

These variations directly affect feasible cutting patterns and material utilization.  
(2) Material Directionality: Optical films cannot be freely rotated due to functional constraints. This restricts feasible layouts 

and limits flexibility in cutting decisions.  
(3) Multi-Period Demand and Inventory Coupling: Demand is distributed over multiple periods. To maintain stable 

production, semi-finished products (e.g., slit rolls or angled strips) can be produced in advance and stored as inventory. 
However, excessive inventory leads to holding costs, while insufficient inventory may require inefficient rush production.  

(4) Waste Generation and Recycling: Trim loss is an inherent outcome of the cutting process, particularly in slitting 
operations. While part of this waste can be recycled, recycling is limited by capacity and recovery efficiency, and it does 
not eliminate the original generation of waste.  

5. Process Selection Trade-offs: Slitting and miter cutting present different trade-offs between cost, capacity usage, and 
material utilization. Decisions made at the order level influence not only immediate processing costs but also downstream 
inventory levels and waste generation. 

 
These characteristics indicate that the optical film cutting problem is not merely a cutting-stock problem but a multi-period 
production-planning problem with tightly coupled decisions across processes and time. Therefore, an integrated modeling 
approach is required to capture the interactions among cutting method selection, inventory dynamics, and waste management. 
Based on this problem structure, Section 3.2 develops a multi-period mathematical programming model that incorporates 
these interrelated decisions and constraints. 
 
3.2 Mathematical Programming Model for LCD Optical Film Cutting 
 
Building on the problem structure described in Section 3.1, this study develops a multi-period mathematical programming 
model for the two-stage cutting process of LCD optical films. The key challenge addressed here is the need to coordinate 
cutting method selection, semi-finished inventory decisions, and waste management within a unified planning framework. 
 
In current industrial practice, these decisions are often handled separately: cutting plans are determined based on immediate 
material utilization, inventory is managed as a downstream adjustment, and recycling is treated as a post-process activity. 
Such fragmented decision-making fails to capture the strong interdependencies among these components, leading to 
suboptimal material usage, unstable inventory levels, and avoidable waste generation. 
 
To overcome this limitation, the proposed model integrates slitting and miter cutting decisions with multi-period inventory 
balance and recycling constraints. This integration enables the model to explicitly represent how cutting choices affect not 
only immediate processing outcomes, but also future inventory availability and cumulative waste generation. As a result, the 
model provides a more realistic and operationally consistent representation of optical film production systems. 
 
Another important feature of the model is its ability to capture the trade-offs inherent in process selection. Slitting tends to 
offer lower processing cost but may generate higher trim loss, whereas miter cutting can improve material utilization at the 
expense of increased processing effort. By embedding these trade-offs within a multi-period framework, the model allows 
production decisions to be evaluated not only at the period level but also across the entire planning horizon. 
 
Based on this integrated structure, the model first formulates a single-objective optimization problem that minimizes total 
system cost, including material, processing, inventory holding, and waste-related costs. This formulation is subsequently 
extended in Section 3.3 to a bi-objective model that explicitly distinguishes between operational efficiency and waste 
generation, thereby supporting multi-criteria decision-making in practical manufacturing environments. 
 
The notations used in the model are defined as follows. 
 
Indices 
 
𝑖𝑖 = 1, … , 𝐼𝐼 ：Order index 
𝑗𝑗 = 1, … , 𝐽𝐽 ：Raw material coil index 
𝑘𝑘 = 1, … ,𝐾𝐾 ：Index for slit rolls per coil 
𝑡𝑡 = 1, … ,𝑇𝑇 ：Time period index (multi-period dynamic) 
𝑚𝑚 = 1, … ,𝑀𝑀 ：Semi-finished product type index (e.g., slit rolls or strips of different widths) 
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Parameters 
 
𝜃𝜃𝑖𝑖 ：Angle of the finished product for order 𝑖𝑖 (degrees) 
𝐶𝐶𝐴𝐴𝐴𝐴 ：Unit processing cost for miter cutting(USD／sq m) 
𝐶𝐶𝐷𝐷𝐷𝐷 ：Unit processing cost for die cutting of rolls(USD／sq m) 
𝐶𝐶𝑆𝑆 ：Unit processing cost for slitting(USD／sq m) 
𝐶𝐶𝐷𝐷𝐷𝐷 ：Unit processing cost for die cutting of pieces(USD／sq m) 
𝐻𝐻𝐴𝐴 ：Capacity limit for miter cutting (sq m/period) 
𝐻𝐻𝑆𝑆 ：Capacity limit for slitting (sq m/period) 
𝑅𝑅𝐿𝐿 ：Length of raw material coil (m)  
𝑃𝑃 ：Unit price of raw material(USD／sq m) 
𝑅𝑅𝑊𝑊 ：Width of raw material coil (m)  
𝐿𝐿𝐴𝐴𝑖𝑖  ：Feeding length for miter cutting of order i; 𝐿𝐿𝐴𝐴𝑖𝑖 = 𝑋𝑋𝑖𝑖cos(𝜃𝜃𝑖𝑖) + 𝑌𝑌𝑖𝑖sin(𝜃𝜃𝑖𝑖) 
𝑄𝑄𝑖𝑖,𝑡𝑡 ：Demand quantity for order i in period t (pieces) 
𝑄𝑄𝐴𝐴𝑖𝑖  ：Number of finished products per strip for order i (𝑄𝑄𝐴𝐴𝑖𝑖 = � 𝑅𝑅𝑊𝑊

𝑋𝑋𝑖𝑖sin 𝜃𝜃𝑖𝑖+𝑌𝑌𝑖𝑖cos 𝜃𝜃𝑖𝑖
�, pieces) 

𝑄𝑄𝑆𝑆𝑖𝑖,𝑡𝑡 ：Number of slit rolls required for order i in period t (calculated based on 𝑄𝑄𝑖𝑖 ,𝑡𝑡) 
𝑊𝑊𝑆𝑆𝑖𝑖  ：Required slitting width for order i (m); 𝑊𝑊𝑆𝑆𝑖𝑖 = 𝑋𝑋𝑖𝑖𝑠𝑠𝑠𝑠𝑠𝑠(𝜃𝜃𝑖𝑖) + 𝑌𝑌𝑖𝑖cos(𝜃𝜃𝑖𝑖) 
𝑋𝑋𝑖𝑖 ：Length of the finished product for order i (m) 
𝑌𝑌𝑖𝑖 ：Width of the finished product for order i (m) 
𝐶𝐶𝐼𝐼 ：Unit holding cost for semi-finished products (USD/sq m/period) 
𝐼𝐼0,𝑚𝑚 ：Initial inventory of semi-finished product type m (sq m) 
𝑟𝑟 ：Scrap recycling rate (0 ≤ 𝑟𝑟 ≤ 1, e.g., 0.3) 
𝑃𝑃𝑟𝑟  ：Unit price of recycled scrap (USD/sq m, typically < 𝑃𝑃, e.g., P/2) 
𝑊𝑊max  ：Maximum recycling capacity per period (sq m/period) 
𝛿𝛿𝑚𝑚,𝑖𝑖 ：Binary mapping indicator. It equals 1 if semi-finished product type m corresponds to order i, and 0 otherwise.  
 
Decision Variables 
 
𝑆𝑆𝑖𝑖,𝑡𝑡 ∈ {0,1} ：Binary variable =1 if order i uses slitting in period t 
𝐴𝐴𝑖𝑖,𝑡𝑡 ∈ {0,1} ：Binary variable =1 if order i uses miter cutting in period t 
𝑅𝑅𝑆𝑆𝑗𝑗,𝑡𝑡 ∈ {0,1} ：Binary variable =1 if raw material coil j is used in period t 
𝑁𝑁𝑖𝑖,𝑗𝑗,𝑘𝑘,𝑡𝑡 ∈ {0,1} ：Binary variable =1 if slit roll k for order i is allocated to coil j in period t 
𝐼𝐼𝐼𝐼𝑣𝑣𝑚𝑚,𝑡𝑡 ≥ 0 ：Inventory level of semi-finished product type m at the end of period t (sq m) 
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑚𝑚,𝑡𝑡 ≥ 0 ：Production quantity of semi-finished product type m in period t (sq m) 
𝑈𝑈𝑈𝑈𝑒𝑒𝑚𝑚,𝑡𝑡 ≥ 0 ：Consumption quantity of semi-finished product type m in period t (sq m) 
𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑡𝑡 ≥ 0 ： Scrap waste generated in period t (sq m) 
𝑅𝑅𝑅𝑅𝑐𝑐𝑡𝑡 ≥ 0 ：Recycled scrap quantity in period t (sq m) 
 
Auxiliary Integer Variable: 
 
𝑀𝑀𝐴𝐴,𝑡𝑡 ：Integer number of coils required for miter cutting in period t: 𝑀𝑀𝐴𝐴,𝑡𝑡 = �∑𝑖𝑖  𝐴𝐴𝑖𝑖,𝑡𝑡 ⋅ �𝑄𝑄𝑖𝑖,𝑡𝑡/𝑄𝑄𝐴𝐴𝑖𝑖� ⋅ 𝐿𝐿𝐴𝐴𝑖𝑖/𝑅𝑅𝐿𝐿� 

 
Objective Function 
 
Minimize total multi-period costs (material + processing + disposal + inventory − recycling revenue): 
 

min� 
𝑇𝑇

𝑡𝑡=1

��  
𝐼𝐼

𝑖𝑖=1

 �𝐶𝐶𝑀𝑀𝑖𝑖,𝑡𝑡 + 𝐶𝐶𝑃𝑃𝑖𝑖,𝑡𝑡 + 𝐶𝐶𝑊𝑊𝑖𝑖,𝑡𝑡� + �  
𝑀𝑀

𝑚𝑚=1

 𝐶𝐶𝐼𝐼 ⋅ 𝐼𝐼𝐼𝐼𝑣𝑣𝑚𝑚,𝑡𝑡 − 𝑃𝑃𝑟𝑟 ⋅ 𝑅𝑅𝑅𝑅𝑅𝑅𝑡𝑡� (1) 

 
(1) Material Cost (𝐶𝐶𝑀𝑀𝑖𝑖,𝑡𝑡) 

𝐶𝐶𝑀𝑀𝑖𝑖,𝑡𝑡 = 𝑃𝑃 ⋅ 𝑅𝑅𝑊𝑊 ⋅ 𝑅𝑅𝐿𝐿 ⋅ ��  
𝑗𝑗

 𝑅𝑅𝑆𝑆𝑗𝑗,𝑡𝑡 ⋅ 𝑆𝑆𝑖𝑖,𝑡𝑡 + 𝑀𝑀𝐴𝐴,𝑡𝑡 ⋅ 𝐴𝐴𝑖𝑖,𝑡𝑡� (2) 

(2) Processing Cost (𝐶𝐶𝑃𝑃𝑖𝑖,𝑡𝑡) 
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𝐶𝐶𝑃𝑃𝑖𝑖,𝑡𝑡 = 𝑆𝑆𝑖𝑖,𝑡𝑡 ⋅ �𝐶𝐶𝑆𝑆 ⋅ 𝑄𝑄𝑆𝑆𝑖𝑖,𝑡𝑡 ⋅ 𝑊𝑊𝑆𝑆𝑖𝑖 ⋅ 𝑅𝑅𝐿𝐿 + 𝐶𝐶𝐷𝐷𝐷𝐷 ⋅ 𝑋𝑋𝑖𝑖𝑌𝑌𝑖𝑖𝑄𝑄𝑖𝑖,𝑡𝑡� + 𝐴𝐴𝑖𝑖,𝑡𝑡 ⋅ �𝐶𝐶𝐴𝐴𝐴𝐴 ⋅ �𝑄𝑄𝑖𝑖,𝑡𝑡/𝑄𝑄𝐴𝐴𝑖𝑖� ⋅ 𝑅𝑅𝑊𝑊 ⋅ 𝐿𝐿𝐴𝐴𝑖𝑖 + 𝐶𝐶𝐷𝐷𝐷𝐷 ⋅ 𝑋𝑋𝑖𝑖𝑌𝑌𝑖𝑖𝑄𝑄𝑖𝑖,𝑡𝑡� (3) 
 
(3) Disposal Cost (𝐶𝐶𝑊𝑊𝑖𝑖,𝑡𝑡) 
 
𝐶𝐶𝑊𝑊𝑖𝑖,𝑡𝑡 = 𝑃𝑃 ⋅ (𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑡𝑡 − 𝑅𝑅𝑅𝑅𝑅𝑅𝑡𝑡) (Applies only to residual scrap after recycling) (4) 

 
Constraints 
 
In the proposed multi-period mixed-integer programming (MIP) model for optimizing the two-stage cutting process of LCD 
optical films, the constraints ensure feasibility, practicality, and alignment with manufacturing realities. These constraints 
govern decision variables such as cutting choices (slitting or miter), resource allocation, capacity limits, inventory balance, 
production-usage linkages, waste generation and recycling, and variable domains. Below, each constraint is presented in 
mathematical form, followed by a detailed explanation of its purpose, implications, and role in the model. This structure 
facilitates integration into academic writing, such as the methodology section of a research paper. 
 
(1) Cutting Choice Constraints: 
 
𝑆𝑆𝑖𝑖,𝑡𝑡 + 𝐴𝐴𝑖𝑖,𝑡𝑡 = 1,∀𝑖𝑖, 𝑡𝑡

𝑆𝑆𝑖𝑖,𝑡𝑡 = 1  if  𝜃𝜃𝑖𝑖 = 0,∀𝑖𝑖, 𝑡𝑡 (5) 

 
These constraints dictate the selection of cutting methods for each order 𝑖𝑖 in each period 𝑡𝑡. The first equation enforces mutual 
exclusivity, ensuring that every order is processed using exactly one method: either slitting (𝑆𝑆𝑖𝑖,𝑡𝑡 = 1) or miter cutting (𝐴𝐴𝑖𝑖,𝑡𝑡 =
1). This binary choice reflects the physical limitation in the manufacturing process, where films cannot be cut using both 
methods simultaneously for a single order in a given period. The second equation mandates slitting for orders with zero cutting 
angle (𝜃𝜃𝑖𝑖 = 0), as miter cutting is unnecessary and more costly for nonangled requirements. This constraint aligns with optical 
film properties, where directional constraints prohibit rotation for zero-angle orders, preventing infeasible solutions and 
reducing computational complexity by fixing variables for such cases. In practice, it promotes efficiency by prioritizing the 
lower-cost slitting method when applicable, potentially lowering processing costs by 3 − 6%  as observed in sensitivity 
analyses. 
 
(2) Slit Rolls Allocation Constraints: 
 
𝑆𝑆𝑖𝑖,𝑡𝑡 ⋅ 𝑄𝑄𝑆𝑆𝑖𝑖,𝑡𝑡 = � 

𝑗𝑗

�  
𝑘𝑘

𝑁𝑁𝑖𝑖,𝑗𝑗,𝑘𝑘,𝑡𝑡 ,∀𝑖𝑖, 𝑡𝑡 (6) 
 

This constraint ensures that the required number of slit rolls for slitting orders is precisely allocated across coils and slit 
positions. When slitting is chosen (𝑆𝑆𝑖𝑖,𝑡𝑡 = 1), the left side represents the total slit rolls needed (𝑄𝑄𝑆𝑆𝑖𝑖,𝑡𝑡) for order 𝑖𝑖 in period 𝑡𝑡, 
calculated based on demand and feeding length. The right side sums the binary allocations 𝑁𝑁𝑖𝑖,𝑗𝑗,𝑘𝑘,𝑡𝑡, which indicate if slit 𝑘𝑘 of 
coil 𝑗𝑗  is assigned to order 𝑖𝑖 . This equality guarantees demand satisfaction without over- or under-allocation, maintaining 
production balance. It prevents inventory mismatches and enforces integrality in roll usage, crucial for mass production where 
partial allocations are impractical. Violation would lead to shortages or excess inventory, increasing holding costs; thus, this 
constraint supports cost minimization by aligning production with demand, as evidenced in TFT-LCD yield studies where 
allocation precision improves efficiency by up to 10%. 
 
(3) Coil Width Limitation Constraints: 
 
� 
𝑖𝑖

�  
𝑘𝑘

𝑁𝑁𝑖𝑖,𝑗𝑗,𝑘𝑘,𝑡𝑡 ⋅ 𝑊𝑊𝑆𝑆𝑖𝑖 ≤ 𝑅𝑅𝑊𝑊 ,∀𝑗𝑗, 𝑡𝑡 (7) 
 

This inequality limits the total width occupied by allocated slit rolls within each coil 𝑗𝑗 in period 𝑡𝑡. The left side aggregates the 
widths 𝑊𝑊𝑆𝑆𝑖𝑖  of slits assigned to coil 𝑗𝑗, weighted by the binary variable 𝑁𝑁𝑖𝑖,𝑗𝑗,𝑘𝑘,𝑡𝑡. It must not exceed the raw material coil width 
𝑅𝑅𝑊𝑊, reflecting physical capacity constraints in slitting machines. This prevents overloading, which could cause mechanical 
failures or defective cuts, and minimizes trim loss by encouraging efficient packing. In the context of LCD films, where widths 
vary with angle, this constraint is essential for achieving high material utilization rates, thereby reducing waste and disposal 
costs. It also interacts with recycling by bounding potential trim loss, ensuring the model remains realistic for high volume 
production lines. 
 

(4) Capacity Limitation Constraints: 
 

� 
𝑗𝑗

 𝑅𝑅𝑆𝑆𝑗𝑗,𝑡𝑡 ⋅ 𝑅𝑅𝑊𝑊 ⋅ 𝑅𝑅𝐿𝐿 + � 
𝑖𝑖

 𝑆𝑆𝑖𝑖,𝑡𝑡 ⋅ 𝑋𝑋𝑖𝑖𝑌𝑌𝑖𝑖𝑄𝑄𝑖𝑖,𝑡𝑡 + � 
𝑚𝑚

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑚𝑚,𝑡𝑡 ≤ 𝐻𝐻𝑆𝑆,∀𝑡𝑡 (8) 
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� 
𝑖𝑖

 𝐴𝐴𝑖𝑖,𝑡𝑡 ⋅ �𝐿𝐿𝐴𝐴𝑖𝑖 ⋅ �𝑄𝑄𝑖𝑖,𝑡𝑡/𝑄𝑄𝐴𝐴𝑖𝑖� ⋅ 𝑅𝑅𝑊𝑊 + 𝑋𝑋𝑖𝑖𝑌𝑌𝑖𝑖𝑄𝑄𝑖𝑖,𝑡𝑡� + � 
𝑚𝑚

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑚𝑚,𝑡𝑡 ≤ 𝐻𝐻𝐴𝐴,∀𝑡𝑡 (9) 

 
These constraints limit the processing capacity for slitting and miter operations in each period, including inventory-related 
production activities. The first constraint bounds the slitting capacity by summing the raw material area used, the die-cutting 
area associated with slitting orders, and the additional processing area required for semi-finished production inventory. The 
second constraint similarly limits the miter-cutting capacity, including miter feeding area, die-cutting area for miter orders, 
and inventory-related production activities. These constraints prevent processing bottlenecks and ensure that the total 
production workload remains within the available machine capacity in each period. By incorporating inventory-related 
production into the capacity limitations, the model captures the operational interaction between current production and 
anticipatory inventory preparation. In practical LCD manufacturing environments, where processing resources are limited, 
these constraints help avoid excessive workload concentration, production delays, and inefficient resource utilization, thereby 
contributing to more stable operational scheduling and improved material utilization efficiency. 
 
(5) Inventory Balance Constraints: 
 
𝐼𝐼𝐼𝐼𝑣𝑣𝑚𝑚,𝑡𝑡 = 𝐼𝐼𝐼𝐼𝑣𝑣𝑚𝑚,𝑡𝑡−1 + 𝑃𝑃𝑃𝑃𝑃𝑃𝑑𝑑𝑚𝑚,𝑡𝑡 − 𝑈𝑈𝑈𝑈𝑒𝑒𝑚𝑚,𝑡𝑡 ,∀𝑚𝑚, 𝑡𝑡 
�𝐼𝐼𝐼𝐼𝑣𝑣𝑚𝑚,0 = 𝐼𝐼0,𝑚𝑚� 

(10) 

𝐼𝐼𝐼𝐼𝑣𝑣𝑚𝑚,𝑡𝑡 ≥ 0,∀𝑚𝑚, 𝑡𝑡 (11) 
 
These equations maintain inventory continuity for each semi-finished type 𝑚𝑚 across periods. The balance equation updates 
ending inventory 𝐼𝐼𝐼𝐼𝑣𝑣𝑚𝑚,𝑡𝑡 as prior inventory plus production minus usage, starting from initial levels 𝐼𝐼0,𝑚𝑚. The nonnegativity 
ensures no stockouts, promoting feasibility. This dynamic linkage allows surplus production in low-demand periods to support 
future needs, mitigating variability and reducing new material usage. In the model, it couples with costs by adding holding 
penalties, encouraging just-in-time strategies while enabling cost savings of 5 − 10%  through buffering. For LCD films, 
where semi-finished rolls degrade over time, this constraint indirectly supports sustainability by minimizing excess. 
 
(6) Semi-Finished Production and Usage Linkage Constraints: 
 
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑚𝑚,𝑡𝑡 = � 

𝑖𝑖

 �  
𝑗𝑗

 �  
𝑘𝑘

 𝑁𝑁𝑖𝑖,𝑗𝑗,𝑘𝑘,𝑡𝑡 ⋅ �𝑊𝑊𝑆𝑆𝑖𝑖 ⋅ 𝑅𝑅𝐿𝐿� ⋅ 𝛿𝛿𝑚𝑚,𝑖𝑖 

�𝛿𝛿𝑚𝑚,𝑖𝑖 = 1 if semi-finished 𝑚𝑚 corresponds to order 𝑖𝑖� 
(12) 

� 
𝑚𝑚

 𝑈𝑈𝑈𝑈𝑒𝑒𝑚𝑚,𝑡𝑡 ≥ �  
𝑖𝑖

 �𝑆𝑆𝑖𝑖,𝑡𝑡 + 𝐴𝐴𝑖𝑖,𝑡𝑡� ⋅ 𝑋𝑋𝑖𝑖𝑌𝑌𝑖𝑖𝑄𝑄𝑖𝑖,𝑡𝑡 (13) 

 
The production constraint defines Prod𝑚𝑚,𝑡𝑡 as the area of semi-finished products generated, linked to allocations 𝑁𝑁𝑖𝑖,𝑗𝑗,𝑘𝑘,𝑡𝑡 and a 
binary indicator 𝛿𝛿𝑚𝑚,𝑖𝑖 mapping orders to semi-finished types (e.g., slitting to type 1, miter to type 2). This ensures production 
reflects actual cutting outputs. The usage inequality requires total consumed semi-finished area to meet or exceed demand 
area, guaranteeing fulfillment. These constraints bridge operational decisions with inventory, preventing overproduction while 
ensuring demand satisfaction. They enhance model realism, as under-usage leads to higher holding costs, and over-usage is 
infeasible. In optimization, they facilitate trade-offs, potentially lowering costs by 5% through efficient linkage. 
 
(7) Waste Generation and Recycling Constraints: 
 

 Waste𝑡𝑡 = � 
𝑗𝑗

 �𝑅𝑅𝑊𝑊 −�  
𝑖𝑖

 �  
𝑘𝑘

 𝑁𝑁𝑖𝑖,𝑗𝑗,𝑘𝑘,𝑡𝑡 ⋅ 𝑊𝑊𝑆𝑆𝑖𝑖� ⋅ 𝑅𝑅𝐿𝐿 ⋅ 𝑅𝑅𝑆𝑆𝑗𝑗,𝑡𝑡 ,∀𝑡𝑡 (14) 

Rec𝑡𝑡 ≤ 𝑟𝑟 ⋅ Waste𝑡𝑡 ,∀𝑡𝑡 (15) 
Rec𝑡𝑡 ≤ 𝑊𝑊𝑚𝑚𝑚𝑚𝑚𝑚 ,∀𝑡𝑡 (16) 
Rec𝑡𝑡 ≥ 0, Waste𝑡𝑡  ≥ 0,∀𝑡𝑡 (17) 

 
The waste equation quantifies trim loss from slitting as unused coil width multiplied by length and usage indicator. Recycling 
is bounded by rate 𝑟𝑟  (fraction recoverable) and maximum capacity 𝑊𝑊max , with non-negativity. These constraints model 
environmental impacts, allowing partial waste recovery to offset disposal costs. By capping Rec𝑡𝑡, they reflect practical limits 
(e.g., recycling facility capacity), promoting sustainable decisions. In the model, they reduce effective disposal by up to 80%, 
with Waste𝑡𝑡  influencing both objectives in bi-objective extensions. They ensure eco-friendly optimization, aligning with 
industry trends toward zero-waste. 
 
(8) Variable Domain Constraints: 
 

Binary variables: 𝑆𝑆𝑖𝑖,𝑡𝑡 ,𝐴𝐴𝑖𝑖,𝑡𝑡 ,𝑅𝑅𝑆𝑆𝑗𝑗,𝑡𝑡 ,𝑁𝑁𝑖𝑖,𝑗𝑗,𝑘𝑘,𝑡𝑡 ∈ {0,1}. (18) 
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Integer: 𝑀𝑀𝐴𝐴,𝑡𝑡 ≥ 0, integer. (19) 
Continuous: 𝐼𝐼𝐼𝐼𝐼𝐼𝑚𝑚,𝑡𝑡 ,𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑚𝑚,𝑡𝑡 ,𝑈𝑈𝑈𝑈𝑈𝑈𝑚𝑚,𝑡𝑡, Waste𝑡𝑡 ,𝑅𝑅𝑅𝑅𝑅𝑅𝑡𝑡 ≥ 0. (20) 

 
These define feasible ranges, ensuring binary decisions for choices/allocations, integer coils for miter, and non-negative flows 
for inventory/waste. They maintain model integrity, preventing unrealistic solutions like fractional coils or negative stocks. In 
MIP solvers, they enable branch-and-bound efficiency, while in heuristics like GA, they guide mutation/crossover. 
Collectively, these constraints render the model robust, feasible, and aligned with LCD manufacturing realities, facilitating 
cost reductions and sustainability through integrated decision-making. 

 
3.3 Bi-Objective Model Formulation: Integrating Operational Efficiency and Environmental Goals 
 
Building on the multi-period cost-minimization model in Section 3.2, this section extends the formulation into a bi-objective 
framework that simultaneously considers operational efficiency and environmental performance. In LCD optical film cutting, 
production decisions affect not only processing cost and inventory levels, but also the amount of trim loss generated during 
cutting. While part of this waste can be associated with disposal cost or recycling revenue, its environmental impact cannot 
always be fully represented in monetary terms. Under increasing regulatory and sustainability requirements, managers often 
need to control waste generation itself rather than rely solely on cost-based measures. Therefore, this study treats operational 
cost and waste generation as two distinct decision objectives.  
 
The first objective, 𝑍𝑍1, minimizes total operational cost across the planning horizon. Unlike the single-objective model, this 
objective excludes raw material cost, disposal cost, and recycling revenue, and focuses only on internal operational burden, 
including processing and inventory holding costs: 
 

𝑚𝑚𝑚𝑚𝑚𝑚 𝑍𝑍1 = � 
𝑇𝑇

𝑡𝑡=1

��  
𝐼𝐼

𝑖𝑖=1

𝐶𝐶𝑃𝑃𝑖𝑖,𝑡𝑡 + �  
𝑀𝑀

𝑚𝑚=1

𝐶𝐶𝐼𝐼 ⋅ 𝐼𝐼𝐼𝐼𝑣𝑣𝑚𝑚,𝑡𝑡� (21) 

 
Here, 𝐶𝐶𝑃𝑃𝑖𝑖,𝑡𝑡  follows the same definition as in Section 3.2, and 𝐶𝐶𝐼𝐼 ⋅ 𝐼𝐼𝐼𝐼𝑣𝑣𝑚𝑚,𝑡𝑡 represents inventory holding cost. Accordingly, 𝑍𝑍1 
captures shop-floor efficiency rather than total financial cost. The second objective, 𝑍𝑍2, minimizes the total trim loss (waste) 
generated over the planning horizon: 
 

𝑚𝑚𝑚𝑚𝑚𝑚 𝑍𝑍2 = � 
𝑇𝑇

𝑡𝑡=1

Waste𝑡𝑡 = � 
𝑇𝑇

𝑡𝑡=1

�  
𝑗𝑗

�𝑅𝑅𝑊𝑊 −�  
𝑖𝑖

 �  
𝑘𝑘

 𝑁𝑁𝑖𝑖,𝑗𝑗,𝑘𝑘,𝑡𝑡 ⋅ 𝑊𝑊𝑆𝑆𝑖𝑖� ⋅ 𝑅𝑅𝐿𝐿 ⋅ 𝑅𝑅𝑆𝑆𝑗𝑗,𝑡𝑡 (22) 

 
This objective measures the unused raw material arising from cutting width mismatch. Recycling is not included in 𝑍𝑍2, since 
it does not change the amount of waste generated but only affects post-processing. More importantly, waste is treated as an 
independent performance metric because its environmental and regulatory implications are not fully captured by cost-based 
measures. All constraints in the bi-objective model are identical to those in Section 3.2, including cutting method selection, 
material feasibility, capacity limits, inventory balance, and recycling-related conditions. Thus, the feasible solution space 
remains unchanged, ensuring that all Pareto solutions are operationally feasible and directly comparable with those from the 
single-objective model. 
 
In the bi-objective formulation, the operational cost objective primarily represents production-related operational burden, 
including cutting, processing, inventory, and scheduling-related costs. Material purchasing cost and disposal cost are not 
emphasized in this objective because the purpose of the bi-objective model is to explicitly analyze the trade-off between 
operational production efficiency and waste generation performance. The complete economic evaluation, including material 
and disposal costs, is already incorporated in the single-objective total-cost model presented in Section 3.2. 
 
Although recycling does not explicitly appear in the objective functions, it remains part of the system environment and 
influences the interpretation of production decisions. The purpose of the bi-objective formulation is not to replicate the 
accounting structure of the total-cost model, but to provide a decision framework in which operational burden and waste 
generation can be evaluated separately. 
 
The two objectives are generally related but not perfectly aligned. Reducing waste may require more complex cutting patterns 
or increased use of miter cutting, leading to higher processing effort or inventory burden. Conversely, minimizing operational 
cost may favor simpler processing strategies that can result in greater trim loss. In some cases, however, both objectives may 
improve simultaneously. The value of the model therefore lies in revealing the feasible trade-off space between efficiency and 
waste generation, rather than assuming a fixed relationship between them. 
 
Due to the NP-hard nature of the problem, the bi-objective model is solved using NSGA-II to approximate a diverse set of 
Pareto-optimal solutions. NSGA-II is particularly suitable for this problem because it handles discrete decision variables and 



J. Wang C.-C. Fang   / International Journal of Industrial Engineering Computations 17 (2026) 931 

preserves solution diversity through non-dominated sorting and crowding distance. By generating a set of alternative solutions, 
it enables decision makers to evaluate production plans under both operational and environmental criteria. 

 
3.4 Solution Algorithms for the Single- and Bi-Objective Models 
 
The multi-period LCD optical film cutting problem formulated in Section 3.2 is a large-scale mixed-integer optimization 
model whose objective minimizes total cost, including material, processing, disposal, and inventory holding costs, net of 
recycling revenue (Eqs. (1)-(4)). The feasibility of a solution is governed by tightly coupled operational constraints, including 
cutting method selection (Eq. (5)), slit-roll assignment (Eq. (6)), coil-width feasibility (Eq. (7)), capacity limits (Eqs. (8)-(9)), 
multi-period inventory dynamics (Eqs. (10)-(11)), production–usage linkage (Eqs. (12)-(13)), waste generation and recycling 
feasibility (Eqs. (14)-(17)), and variable-domain restrictions (Eqs. (18)-(20)). 
 
Section 3.3 further extends this formulation into a revised bi-objective optimization model that simultaneously minimizes 
operational cost and total trim-loss waste over the planning horizon (Eqs. (21)-(22)), while preserving the same operational 
constraint set to ensure that all Pareto solutions remain feasible and directly comparable with the single-objective case. 
 
The resulting optimization problems exhibit a combinatorial and NP-hard structure due to binary technology choices, discrete 
slit-roll allocations, and multi-period inventory interactions. Consequently, this study adopts population-based metaheuristics: 
a Genetic Algorithm (GA) for the single-objective model and the Non-dominated Sorting Genetic Algorithm II (NSGA-II) for 
the bi-objective model. These algorithms are combined with dedicated decoding and repair procedures to guarantee feasibility 
and with subroutines for inventory updating and waste–recycling computation. 

 
3.4.1 Solution representation and decoding 
 
A candidate solution (chromosome) is designed to encode the key discrete decisions that determine both operational cost and 
waste outcomes: 
 
(1) Technology selection genes: For each order 𝑖𝑖 and period 𝑡𝑡, a binary gene specifies whether the order is processed by 
slitting or miter cutting, consistent with the mutual exclusivity and angle-based restriction in Eq. (5). 
(2) Slitting allocation genes: When slitting is selected, genes describe how slit rolls are assigned to raw coils and slit positions, 
corresponding to the allocation requirement in Eq. (6) and the coil-width feasibility condition in Eq. (7). 
(3) Repair/feasibility layer: Because genetic operators may generate infeasible solutions (e.g., exceeding coil width, violating 
capacity limits, or creating negative inventory), each chromosome is transformed into an operationally feasible plan through 
a decoding-and-repair procedure (Algorithm 3). This procedure enforces: 
 
(i) coil width feasibility (Eq. (7)) by reallocating slit rolls or opening additional coils when necessary, 
(ii) capacity limits for slitting and miter cutting (Eqs. (8)-(9)) by reassigning marginal orders or adjusting production timing, 
(iii) multi-period inventory consistency (Eqs. (10)-(11)) and demand satisfaction through the production–usage linkage (Eqs. 
(12)-(13)).  
 
After decoding, all dependent continuous variables are computed deterministically. Specifically, Prod𝑚𝑚,𝑡𝑡, 𝑈𝑈𝑈𝑈𝑒𝑒𝑚𝑚,𝑡𝑡, and 𝐼𝐼𝐼𝐼𝑣𝑣𝑚𝑚,𝑡𝑡 
are obtained from Eqs. (10)-(13), which connect cutting outputs to inventory carryover and demand fulfillment across periods. 
Waste and recycling quantities are subsequently determined using the waste-generation and recycling constraints (Eqs. (14)-
(17)), and all variable domains are enforced according to Eqs. (18)-(20). 

 
3.4.2 Fitness evaluation 
 
(1) Single-objective model (Section 3.2): Each decoded plan is evaluated using the total cost objective in Eq. (1), with cost 
components computed according to Eqs. (2)-(4). Infeasible solutions remaining after repair are penalized through large 
constraint-violation penalties to maintain selection pressure toward feasible and high-quality solutions.  
 
(2) Bi-objective model (Section 3.3): Each decoded plan is evaluated by the objective pair (𝑍𝑍1 ,  𝑍𝑍2 ), where 𝑍𝑍1  is the 
cumulative trim-loss waste is defined in Eq. (22). Under the revised formulation, 𝑍𝑍1 includes processing cost and inventory 
holding cost only, while material cost, disposal cost, and recycling revenue are excluded from the bi-objective evaluation. 
This separation allows the algorithm to assess cutting plans from the perspectives of operational efficiency and waste reduction 
simultaneously. In addition, treating waste as an explicit objective is particularly meaningful in situations where environmental 
impact, regulatory compliance, or sustainability targets cannot be fully represented by monetary disposal cost alone. As a 
result, the bi-objective model provides a Pareto-based decision-support framework rather than a single cost-collapsed 
evaluation.  
 
Algorithms 3–5 serve as embedded subroutines that guarantee feasibility with respect to cutting allocation, inventory balance, 
and waste–recycling computation. These subroutines are called within Algorithms 1 and 2 during each generation of the 
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evolutionary search. 
 
Algorithm 1 (Table 2) implements a Genetic Algorithm (GA) to solve the single-objective cost minimization model formulated 
in Section 3.2. The GA is chosen due to the combinatorial nature of the problem, which involves binary cutting method 
decisions, discrete slit-roll assignments, and multi-period inventory interactions. These characteristics make exact 
optimization methods computationally prohibitive for realistically sized problems. Preliminary experiments on smaller 
problem instances were also conducted to verify the reasonableness of the GA-based solutions. However, for large-scale 
instances involving multi-period inventory interactions, binary cutting decisions, and slit-roll allocation constraints, exact 
MIP-based approaches become computationally expensive and difficult to solve within practical computation times. In 
Algorithm 1, each chromosome encodes cutting technology choices and allocation decisions for all orders and periods. The 
initial population is randomly generated based on feasible cutting-method assignments and slit-roll allocation patterns. After 
initialization, each chromosome is transformed into an operationally feasible production and cutting plan through the decoding 
and repair procedure described in Algorithm 3. This ensures that all solutions evaluated by the GA satisfy the operational 
constraints in Eqs. (5)-(20). The fitness of each chromosome is calculated using the total cost objective function in Eq. (1), 
with cost components defined in Eqs. (2)-(4). Selection, crossover, and mutation operators are iteratively applied to evolve 
the population toward lower-cost solutions. Elitist selection is employed to preserve high-quality solutions across generations. 
Through this evolutionary process, Algorithm 1 efficiently explores the large discrete search space and identifies near-optimal 
cutting and inventory plans under the single-objective cost criterion. 
 
Table 2  
Algorithm 1: Genetic Algorithm for the Single-Objective Model 

Input: Problem data; population size 𝑁𝑁𝑝𝑝; maximum generations 𝐺𝐺𝑚𝑚𝑚𝑚𝑚𝑚; crossover rate 𝑝𝑝𝑐𝑐; mutation rate 𝑝𝑝𝑚𝑚. 
Output: Best feasible solution minimizing 𝑍𝑍1 (Eq. (1)) 
Step Procedure 

1 Initialize population 𝑃𝑃0 with 𝑁𝑁𝑝𝑝 chromosomes using random cutting-method assignments and slit-roll allocation 
patterns. 

2 For each chromosome 𝑥𝑥 ∈ 𝑃𝑃0, enforce cutting method constraint in Eq. (5). 
3 Decode and repair chromosome 𝑥𝑥 using Algorithm 3, enforcing constraints Eqs. (6)-(20). 
4 Compute Waste𝑡𝑡 and Rec𝑡𝑡 during decoding via Algorithm 4 (Eqs. (14)-(17)). 
5 Evaluate fitness 𝑍𝑍1(𝑥𝑥) using Eq. (1) with cost components Eqs. (2)-(4). 
6 Set generation counter 𝑔𝑔 = 0. 
7 While 𝑔𝑔 < 𝐺𝐺𝑚𝑚𝑚𝑚𝑚𝑚: 
8 Select parent chromosomes from 𝑃𝑃𝑔𝑔 using tournament selection based on fitness 𝑍𝑍1. 
9 Apply crossover with probability 𝑝𝑝𝑐𝑐 to generate offspring 𝑄𝑄𝑔𝑔. 
10 Apply mutation with probability 𝑝𝑝𝑚𝑚 (excluding fixed genes implied by Eq. (5)). 
11 For each offspring 𝑦𝑦 ∈ 𝑄𝑄𝑔𝑔, apply Algorithm 3 (which calls Algorithms 4-5) to ensure feasibility. 
12 Evaluate 𝑍𝑍1(𝑦𝑦) using Eq. (1) and Eqs. (2)–(4). 
13 Combine 𝑅𝑅𝑔𝑔 = 𝑃𝑃𝑔𝑔 ∪ 𝑄𝑄𝑔𝑔. 
14 Select the best 𝑁𝑁𝑝𝑝 solutions from 𝑅𝑅𝑔𝑔 (elitism) to form 𝑃𝑃𝑔𝑔+1. 
15 Update 𝑔𝑔 = 𝑔𝑔 + 1. 
16 End While; return the solution with minimum 𝑍𝑍1. 

 

 
Algorithm 2 (Table 3) extends the evolutionary search framework to the revised bi-objective model introduced in Section 3.3 
by employing the Non-dominated Sorting Genetic Algorithm II (NSGA-II). Unlike Algorithm 1, which optimizes only total 
cost, Algorithm 2 simultaneously considers operational efficiency and environmental performance by evaluating each solution 
with respect to the objective pair (𝑍𝑍1, 𝑍𝑍2) defined in Eqs. (21)-(22), where 𝑍𝑍1 denotes operational cost and 𝑍𝑍2 denotes trim-
loss waste. NSGA-II is adopted because it can effectively handle multiple potentially conflicting objectives and generate a 
diverse set of Pareto-optimal solutions within a single run. In Algorithm 2, chromosomes are decoded and repaired using the 
same feasibility procedure as in Algorithm 1 (Algorithm 3), ensuring that all Pareto solutions satisfy the operational constraints 
of the manufacturing system. Non-dominated sorting ranks solutions according to Pareto dominance, while the crowding 
distance metric preserves diversity along the Pareto front. The output of Algorithm 2 is not a single optimal solution but a 
well-distributed set of non-dominated solutions. This Pareto set provides decision makers with explicit trade-off information 
between operational burden and waste reduction, thereby supporting production planning under both efficiency and 
environmental considerations. Moreover, this formulation is especially appropriate when waste cannot be fully and 
appropriately monetized because of environmental regulations, waste-control targets, or broader sustainability requirements. 
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Table 3 
Algorithm 2: NSGA-II for the Bi-Objective Model 

Input: Problem data; population size 𝑁𝑁𝑝𝑝; maximum generations 𝐺𝐺𝑚𝑚𝑚𝑚𝑚𝑚 ; crossover rate 𝑝𝑝𝑐𝑐; mutation rate 𝑝𝑝𝑚𝑚 
Output: Pareto-optimal solution set for (𝑍𝑍1, 𝑍𝑍2), where 𝑍𝑍1 is operational cost and 𝑍𝑍2 is trim-loss waste (Eqs. (21)–(22)) 
Step Procedure 
1 Initialize population 𝑃𝑃0 with 𝑁𝑁𝑝𝑝 chromosomes. 
2 For each chromosome ∈ 𝑃𝑃0, enforce cutting choice constraints in Eq. (5). 
3 Decode and repair chromosome 𝑥𝑥 using Algorithm 3, enforcing constraints Eqs. (6)-(20). 

4 Evaluate objectives: 𝑍𝑍1(𝑥𝑥) using Eq. (21) as operational cost (processing cost + inventory holding cost), and 𝑍𝑍2(𝑥𝑥) 
using Eq. (22) as cumulative trim-loss waste. 

5 Perform non-dominated sorting on 𝑃𝑃0; compute crowding distance. 
6 Set generation counter 𝑔𝑔 = 0. 
7 While 𝑔𝑔 < 𝐺𝐺𝑚𝑚𝑚𝑚𝑚𝑚: 
8 Select parents based on (Pareto rank, crowding distance). 
9 Apply crossover (𝑝𝑝𝑐𝑐) and mutation (𝑝𝑝𝑚𝑚) to generate offspring 𝑄𝑄𝑔𝑔. 

10 For each offspring 𝑦𝑦 ∈ 𝑄𝑄𝑔𝑔, apply Algorithm 3 to decode/repair and compute (𝑍𝑍1(𝑦𝑦), 𝑍𝑍2(𝑦𝑦)), where 𝑍𝑍1 is 
operational cost and  𝑍𝑍2 is waste. 

11 Combine 𝑅𝑅𝑔𝑔 = 𝑃𝑃𝑔𝑔 ∪ 𝑄𝑄𝑔𝑔; perform non-dominated sorting and crowding distance. 
12 Select the best 𝑁𝑁𝑝𝑝 solutions by rank and crowding distance to form 𝑃𝑃𝑔𝑔+1. 
13 Update 𝑔𝑔 = 𝑔𝑔 + 1. 
14 End While; output final non-dominated set as Pareto front. 

 

 
Algorithm 3 (Table 4) serves as the core decoding and feasibility repair mechanism that links the evolutionary search 
algorithms (Algorithms 1 and 2) with the mathematical models formulated in Sections 3.2 and 3.3. Because genetic operators 
may generate infeasible chromosomes, Algorithm 3 systematically transforms each chromosome into an operationally feasible 
production and cutting plan. The procedure first interprets chromosome genes as cutting method decisions and slit-roll 
allocations, enforcing the cutting choice constraint in Eq. (5) and the allocation equality in Eq. (6). It then checks coil-width 
feasibility (Eq. (7)) and capacity limitations for slitting and miter cutting (Eqs. (8)-(9)). When violations occur, repair actions 
such as reassigning slit rolls, opening additional coils, or adjusting marginal production decisions are applied. Specifically, 
when coil-width feasibility is violated, the algorithm first attempts to reassign slit rolls to alternative coils with remaining 
capacity; if no feasible reassignment exists, additional coils are opened. For capacity or inventory infeasibility, marginal 
production quantities are adjusted and reallocated across neighboring periods whenever feasible. Algorithm 3 also ensures 
temporal feasibility across multiple periods by invoking Algorithm 5 to update inventory balances and enforce production–
usage linkages according to Eqs. (10)-(13). Subsequently, waste and recycling quantities are computed by calling Algorithm 
4 based on Eqs. (14)-(17). By integrating these subroutines, Algorithm 3 guarantees that every chromosome evaluated by the 
GA or NSGA-II corresponds to a physically realizable cutting and inventory plan. 

 
Table 4  
Algorithm 3: Decoding and Repair Procedure (Common Module) 

Input: Chromosome 𝑥𝑥; constraints (5)-(20) 
Output: Feasible solution with 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑚𝑚,𝑡𝑡 ,𝑈𝑈𝑈𝑈𝑒𝑒𝑚𝑚,𝑡𝑡 , 𝐼𝐼𝐼𝐼𝐼𝐼𝑚𝑚,𝑡𝑡 ,  Waste𝑡𝑡 ,𝑅𝑅𝑅𝑅𝑅𝑅𝑡𝑡 
Step Procedure 
1 Determine cutting methods 𝑆𝑆𝑖𝑖,𝑡𝑡 ,𝐴𝐴𝑖𝑖,𝑡𝑡 from chromosome 𝑥𝑥 using Eq. (5). 
2 Compute required slit-roll quantities using Eq. (6). 
3 Assign slit rolls to coils 𝑁𝑁𝑖𝑖,𝑗𝑗,𝑘𝑘,𝑡𝑡 satisfying width constraint Eq. (7). 
4 If Eq. (7) is violated, first reassign slit rolls to coils with remaining width capacity; if infeasible, open new coils. 
5 Check capacity constraints using Eqs. (8)-(9). 

6 If violated, reallocate marginal orders and/or adjust production timing subject to inventory feasibility (handled in 
Algorithm 5). 

7 
Call Algorithm 5 (Inventory Update and Production–Usage Linking Subroutine) to compute 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑚𝑚,𝑡𝑡 ,𝑈𝑈𝑈𝑈𝑒𝑒𝑚𝑚,𝑡𝑡, and 
update 𝐼𝐼𝐼𝐼𝐼𝐼𝑚𝑚,𝑡𝑡 using Eqs. (10)-(13). 

8 If inventory (or capacity) infeasible, repeat Steps 3–7 until feasibility is achieved (or a maximum repair limit is 
reached). 

9 Call Algorithm 4 (Waste and Recycling Subroutine) to compute  Waste𝑡𝑡 and 𝑅𝑅𝑅𝑅𝑅𝑅𝑡𝑡 using Eqs. (18)-(19) and (22). 
10 Enforce variable domain constraints (Eq. (20)) and non-negativity bounds. 
11 Return the feasible solution. 
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Algorithm 4 (Table 5) is a specialized subroutine dedicated to computing trim-loss waste and recycling quantities for a given 
feasible cutting plan. Based on the slit-roll allocation results generated in Algorithm 3, the total waste in each period is 
calculated using the waste-generation expression in Eq. (14), which measures unused coil width multiplied by coil length and 
usage indicators. Recycling quantities are then determined by enforcing the recycling feasibility constraints in Eqs. (15)-(17). 
These constraints reflect both technological limitations (maximum recycling capacity) and process efficiency (recycling rate). 
By explicitly distinguishing between waste generation and waste treatment, Algorithm 4 preserves the conceptual separation 
between physical waste (captured by Waste𝑡𝑡) and its downstream mitigation through recycling (captured by Rec𝑡𝑡). Under the 
revised bi-objective formulation, the total waste quantity directly forms the environmental objective 𝑍𝑍2 , while recycling 
quantities are retained to preserve consistency with the overall production system and with the single-objective total-cost 
model. This design enables consistent integration of environmental considerations into the evolutionary optimization 
framework while maintaining a clear distinction between source-level waste generation and post-generation waste handling.  

 
Table 5  
Algorithm 4: Waste and Recycling Calculation Subroutine 

Input: 𝑁𝑁𝑖𝑖,𝑗𝑗,𝑘𝑘,𝑡𝑡 ,𝑅𝑅𝑆𝑆𝑗𝑗,𝑡𝑡 ,𝑅𝑅𝑊𝑊 ,𝑅𝑅𝐿𝐿 , 𝑟𝑟,𝑊𝑊𝑚𝑚𝑚𝑚𝑚𝑚  
Output: Waste𝑡𝑡, Rec𝑡𝑡, and residual disposal Disp𝑡𝑡 
Step Procedure 
1 For each period 𝑡𝑡, compute waste generation using Eq. (14): Waste𝑡𝑡 = ∑𝑗𝑗 �𝑅𝑅𝑊𝑊 − ∑𝑖𝑖 ∑𝑘𝑘 𝑁𝑁𝑖𝑖,𝑗𝑗,𝑘𝑘,𝑡𝑡𝑊𝑊𝑆𝑆𝑖𝑖�𝑅𝑅𝐿𝐿 ⋅ 𝑅𝑅𝑆𝑆(𝑗𝑗,𝑡𝑡) 
2 Enforce recycling rate constraint using Eq. (15):   Rec𝑡𝑡rate ≤ 𝑟𝑟 ⋅ Waste𝑡𝑡 
3 Enforce recycling capacity constraint using Eq. (16): Rec𝑡𝑡 ≤ 𝑊𝑊𝑚𝑚𝑚𝑚𝑚𝑚  
4 Enforce non-negativity using Eq. (17): Rec𝑡𝑡 ≥ 0, Waste𝑡𝑡  ≥ 0 

5 Set a feasible recycling quantity (one practical choice):  
𝑅𝑅𝑅𝑅𝑐𝑐𝑡𝑡 = min{𝑟𝑟 ⋅ Waste𝑡𝑡 ,𝑊𝑊𝑚𝑚𝑚𝑚𝑚𝑚} (satisfies Eqs. (15)-(17)). 

6 Compute residual scrap for disposal:   Disp𝑡𝑡 = Waste𝑡𝑡 − Rec𝑡𝑡 (used in disposal cost Eq. (4)). 
7 Return Waste𝑡𝑡, Rec𝑡𝑡, and Disp𝑡𝑡 

 

 
Algorithm 5 (Table 6) is responsible for enforcing multi-period inventory feasibility and production–usage consistency. Given 
the cutting and allocation decisions from Algorithm 3, this subroutine computes the production quantities of semi-finished 
products using the linkage expression in Eq. (12) and ensures that consumption satisfies demand through Eq. (13). Inventory 
levels are updated across periods using the balance equation in Eq. (10), starting from the initial inventory conditions. The 
non-negativity constraint in Eq. (11) is enforced to prevent stockouts or infeasible negative inventory. If violations occur, 
production and allocation decisions are adjusted iteratively until temporal feasibility is achieved. By explicitly modeling 
inventory dynamics, Algorithm 5 allows the evolutionary algorithms to consider inter-period trade-offs, such as producing 
additional semi-finished products in earlier periods to meet future demand or to reduce peak capacity usage. This subroutine 
therefore plays a critical role in capturing the multi-period nature of the LCD optical film cutting problem and in ensuring that 
candidate solutions remain realistic over the entire planning horizon. 

 
Table 6 
Algorithm 5: Inventory Update and Production–Usage Linking Subroutine 

Input: Allocation decisions (e.g., 𝑁𝑁𝑖𝑖,𝑗𝑗,𝑘𝑘,𝑡𝑡, mapping 𝛿𝛿𝑚𝑚,𝑖𝑖; initial inventory 𝐼𝐼0,𝑚𝑚 
Output: Updated inventory 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑚𝑚,𝑡𝑡 ,𝑈𝑈𝑈𝑈𝑒𝑒𝑚𝑚,𝑡𝑡 , 𝐼𝐼𝐼𝐼𝐼𝐼𝑚𝑚,𝑡𝑡 feasible w.r.t. (10)–(13) 
Step Procedure 
1 Set initial inventory using Eq. (10): set 𝐼𝐼𝐼𝐼𝐼𝐼𝑚𝑚,0 = 𝐼𝐼0,𝑚𝑚. 
2 Compute semi-finished production using Eq. (12) to obtain 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑚𝑚,𝑡𝑡 from allocations 𝑁𝑁𝑖𝑖,𝑗𝑗,𝑘𝑘,𝑡𝑡  and mapping 𝛿𝛿𝑚𝑚,𝑖𝑖. 

3 
Enforce demand-consumption linkage using Eq. (13) by setting/adjusting 𝑈𝑈𝑈𝑈𝑒𝑒𝑚𝑚,𝑡𝑡 so that ∑𝑚𝑚 𝑈𝑈𝑈𝑈𝑒𝑒𝑚𝑚,𝑡𝑡 ≥
∑𝑖𝑖 �𝑆𝑆𝑖𝑖,𝑡𝑡 + 𝐴𝐴𝑖𝑖,𝑡𝑡�𝑋𝑋𝑖𝑖𝑌𝑌𝑖𝑖𝑄𝑄𝑖𝑖,𝑡𝑡 

4 Update inventory balance using Eq. (10): 𝐼𝐼𝐼𝐼𝑣𝑣𝑚𝑚,𝑡𝑡 = 𝐼𝐼𝐼𝐼𝑣𝑣𝑚𝑚,𝑡𝑡−1 + 𝑃𝑃𝑃𝑃𝑃𝑃𝑑𝑑𝑚𝑚,𝑡𝑡 − 𝑈𝑈𝑈𝑈𝑒𝑒𝑚𝑚,𝑡𝑡. 

5 Enforce non-negativity using Eq. (11): if any 𝐼𝐼𝐼𝐼𝑣𝑣𝑚𝑚,𝑡𝑡 < 0, adjust production/usage decisions and repeat Steps 2–4 
(repair). 

6 Return 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑚𝑚,𝑡𝑡 ,𝑈𝑈𝑈𝑈𝑒𝑒𝑚𝑚,𝑡𝑡 , 𝐼𝐼𝐼𝐼𝐼𝐼𝑚𝑚,𝑡𝑡. 
 

 
The overall solution framework is composed of five interrelated algorithms. Algorithms 1 and 2 provide the main evolutionary 
search mechanisms for the single- and bi-objective models, respectively. Algorithms 3–5 act as supporting subroutines that 
ensure feasibility with respect to cutting allocation, inventory balance, and waste–recycling computation. Together, these 
algorithms form a modular and implementable solution procedure that bridges the mathematical formulations in Sections 3.2 
and 3.3 with the computerized application described in Section 3.5. 
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3.5 Computerized Application and System Architecture 
 
To operationalize the optimization models developed in Sections 3.2 and 3.3, this study implements a computerized decision-
support system that integrates production data, mathematical models, and optimization algorithms into a unified framework 
for LCD optical film cutting. The system enables domain experts and decision makers to interact with the models and evaluate 
production strategies under both economic and environmental considerations. 
 
As illustrated in Fig. 3, the proposed system architecture consists of five main components: a Model and Information 
Management System, a Database, a Model Base, a Computation Engine, and a Decision Support System (DSS), which are 
interconnected through an Application Programming Interface (API). The Database stores production-related data, including 
raw material inventory, order information, cost parameters, and recycling records. These data are processed and standardized 
through the Model and Information Management System to ensure consistency with model requirements. The Model Base 
contains the mathematical formulations proposed in this study, including both the single-objective cost model and the bi-
objective cost–waste model. This structure allows users to flexibly select the appropriate model according to planning 
objectives. The Computation Engine serves as the analytical core, implementing the solution algorithms described in Section 
3.4, including the GA and NSGA-II. Based on selected models and input data, it generates optimal or Pareto-optimal solutions 
and evaluates key performance indicators such as cost, waste, and inventory levels. The Decision Support System (DSS) 
provides an interactive interface for analyzing results, comparing alternative production plans, and examining cost–waste 
trade-offs. It also supports visualization and reporting to facilitate managerial decision making. The API connects all system 
components, enabling efficient data exchange and modular system integration. This design enhances scalability and allows 
the framework to be extended or integrated with existing manufacturing information systems. The overall workflow proceeds 
as follows: production data are collected and processed, an appropriate optimization model is selected, and the computation 
engine generates solutions, which are then delivered to the DSS for analysis and decision support. This computerized 
architecture bridges the gap between theoretical optimization models and practical manufacturing applications. By integrating 
cutting decisions, inventory management, and waste considerations within a unified system, it supports more transparent, 
data-driven, and sustainable production planning. 

 

 
Fig. 3. Proposed System Architecture. 

 
4. Application and Numerical Analysis 
 
4.1 Case Description and Experimental Setting 
 
To evaluate the proposed optimization framework, a representative case study is constructed based on a realistic LCD optical 
film cutting environment. The case reflects a typical production scenario in electronics manufacturing, where a large number 
of heterogeneous customer orders must be fulfilled over multiple periods. The planning horizon consists of 20 periods, and a 
total of 160 customer orders are considered. Each order is characterized by specific dimensions and time-varying demand, 
representing the diversity commonly observed in LCD production. Raw materials are supplied in standard coil form, and each 
order is processed through a two-stage cutting system consisting of slitting or miter cutting followed by die cutting. 
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In practice, cutting angles are not decision variables but are determined by process engineers according to product design and 
optical performance requirements. Therefore, the model accommodates a range of cutting angles across orders, reflecting 
realistic engineering constraints. To capture practical operating conditions, the model incorporates processing costs for 
different cutting methods, inventory holding costs for semi-finished products, and recycling mechanisms for trim loss under 
capacity and recovery limitations. Demand varies across periods, requiring coordination between production and inventory 
decisions. The resulting problem is large-scale and highly combinatorial, involving cutting method selection, inventory 
balance, and waste management across multiple periods. Based on this setting, the proposed models are applied to generate 
optimized cutting plans and to analyze the trade-offs between operational cost and waste generation. Moreover, the parameter 
settings used in the case study are summarized in Table 7. These values are implemented directly in the computational model 
and are selected to reflect typical operating conditions in LCD optical film manufacturing. Processing costs differ across 
slitting, miter cutting, and die cutting operations, capturing variations in processing complexity and equipment usage. 
Inventory holding costs are applied to semi-finished products carried across periods, while recycling parameters reflect partial 
recovery of trim loss under practical capacity limits. Demand for each order varies across periods within a predefined range 
to simulate realistic production fluctuations. Cutting angles are determined by process engineers based on product design and 
optical performance requirements, and are therefore treated as given inputs rather than decision variables in the model. The 
genetic algorithm parameters are calibrated to balance solution quality and computational efficiency for solving the large-
scale multi-period problem. 
 
Table 7  
Parameter Settings for the Case Study 

Category Parameter Description Value 
Problem Size 𝑇𝑇 Number of planning periods 20 

 𝐼𝐼 Number of customer orders 160 
 𝑀𝑀 Number of semi-finished product types 2 

Material 𝑅𝑅𝑊𝑊 Raw material width (m) 1.4 
 𝑅𝑅𝐿𝐿 Raw material length (m) 500 
 𝑃𝑃 Raw material cost (USD/m²) 7 

Processing Cost 𝐶𝐶𝑆𝑆 Slitting processing cost (USD/m²) 0.08 
 𝐶𝐶𝐴𝐴𝐴𝐴 Miter cutting cost (USD/m²) 0.12 
 𝐶𝐶𝐷𝐷𝐷𝐷 Die-roll processing cost (USD/m²) 0.15 
 𝐶𝐶𝐷𝐷𝐷𝐷 Die-piece processing cost (USD/m²) 0.25 

Inventory 𝐶𝐶𝐼𝐼 Inventory holding cost (USD/m²/period) 0.05 
 𝐼𝐼0,𝑚𝑚 Initial inventory (all types) 0 

Recycling 𝑟𝑟 Recycling recovery rate 0.8 
 𝑃𝑃𝑟𝑟 Recycling revenue (USD/m²) 3.5 
 𝑊𝑊max  Maximum recyclable waste per period (m²) 1000 

Cutting 
Parameters 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚w  Width margin allowance (m) 0.01 

 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚l  Length margin allowance (m) 0 
Demand 𝑄𝑄𝑖𝑖,𝑡𝑡 Demand of order (i) in period (t) Uniform [100, 500] 
Angle 𝜃𝜃𝑖𝑖 Cutting angle of order (i) Determined by engineers according to customer orders 
GA Settings Population size Number of individuals 60 

 Generations Number of iterations 300 
 Crossover rate Probability of crossover 0.7 
 Mutation rate Probability of mutation 0.2 

 
4.2 Numerical Results 
 
We first evaluate the solution performance of the proposed algorithm under single-objective settings, focusing on operational 
cost and waste minimization. To examine the robustness and solution quality, three population sizes (small, medium, and large) 
are tested using the genetic algorithm (GA). For each configuration, 20 independent runs are conducted with different random 
seeds (seed = 21–40). The results are summarized in Fig. 4 using boxplot representations.  
 

 
Fig. 4. Distribution of best objective values across 20 runs under different GA population sizes:  

(a) operational cost; (b) waste 



J. Wang C.-C. Fang   / International Journal of Industrial Engineering Computations 17 (2026) 937 

As shown in Fig. 4, the variability of the best objective values across different random seeds is relatively limited for all 
configurations. This indicates that the proposed GA exhibits stable performance and is not highly sensitive to initialization 
conditions. Both operational cost and waste objectives show consistent distributions, suggesting good robustness of the 
solution approach. In addition, increasing the population size leads to noticeable improvements in solution quality. The median 
and lower quartile values decrease as the population size grows, indicating that larger populations are more effective in 
exploring the solution space and identifying better solutions. This trend is observed consistently for both operational cost and 
waste objectives. However, the improvement in solution quality comes at the expense of increased computational effort. 
Larger population sizes require more evaluations per generation, resulting in longer computation times. Therefore, a trade-off 
exists between solution quality and computational efficiency.  
 

 
Fig. 5. Convergence of total cost (Eq. (1)) over generations under the proposed GA 

 
Fig. 5 presents the convergence behavior of the total cost objective defined in Eq. (1) under the proposed GA. The results 
show a rapid decrease in total cost during the early generations, followed by a gradual improvement phase. After 
approximately 100 generations, the solution stabilizes, indicating that the algorithm has reached a local optimum. Although 
further iterations can still yield marginal improvements, the rate of improvement becomes significantly smaller while 
computational time increases substantially. This suggests that, from a practical perspective, a moderate number of generations 
can achieve a good balance between solution quality and computational efficiency. 
 

 
Fig. 6. Optimal cutting method assignment across orders and periods according to the objective of the total cost (dark: miter 

cutting; light: slitting). 
 
Fig. 6 illustrates the cutting decisions obtained at the end of the optimization process for all orders across the planning horizon. 
Each cell represents the selected cutting method for a given order and period. Dark-colored cells indicate that miter cutting is 
selected, while light-colored cells correspond to slitting. The resulting pattern reflects how the model dynamically assigns 
cutting methods according to order characteristics and system conditions in order to minimize total cost. From a managerial 
perspective, this visualization provides clear decision support by showing when and where each cutting method should be 
applied. In particular, it highlights that miter cutting is selectively used in situations where material utilization benefits 
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outweigh its higher processing cost, whereas slitting is preferred in more cost-efficient scenarios. Overall, the results 
demonstrate that the proposed model can effectively coordinate cutting decisions across orders and periods to achieve cost-
efficient production planning. 
 

 
Fig. 7. Relationship between cutting method and order characteristics: (a) distribution of method assignments by angle (1° 

bins); (b) order size versus dominant cutting method. 
 

Fig. 7 further analyzes the relationship between cutting methods and order characteristics. The upper panel shows the 
distribution of cutting method assignments across angle intervals, while the lower panel presents the relationship between 
order size (total demanded area) and the dominant cutting method. From the upper figure, it can be observed that cutting 
decisions are strongly influenced by the cutting angle, with assignments forming several noticeable clusters around 
approximately 12°, 20°, and 30° in this particular case study. These angle concentrations are mainly associated with the 
production characteristics and engineering specifications of the investigated LCD manufacturing environment. In this study, 
the dataset was constructed using a combination of partially real production data provided by a Taiwanese LCD manufacturer 
and partially simulated demand data. Therefore, the observed angle patterns are closely related to actual industrial process 
requirements, optical alignment considerations, and preferred cutting configurations adopted in the studied factory. The results 
suggest that certain angle settings may provide more favorable material layouts and better compatibility with cutting 
equipment under the specific operational conditions considered in this study.  Within these angle clusters, miter cutting is 
more frequently selected when it offers superior material utilization under angled configurations, while slitting remains 
dominant in other regions due to its lower processing cost. This demonstrates that the model captures the trade-off between 
processing efficiency and material utilization in a realistic manner. 
 

 
Fig. 8. Distribution of cutting method selections across periods 

 
Fig. 8 presents the distribution of cutting method selections across periods. The results show a relatively stable pattern over 
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time, with both slitting and miter cutting consistently utilized throughout the planning horizon. This stability suggests that the 
model maintains a balanced cutting strategy, where slitting provides baseline cost efficiency and miter cutting is selectively 
applied to improve material utilization. Overall, the results indicate that optimal cutting strategies emerge from the interaction 
between geometric constraints and operational trade-offs, rather than from any single factor. 

 
To address situations where minimizing total cost alone is insufficient, such as environmental regulations, sustainability 
requirements, and waste management constraints, a bi-objective optimization framework is adopted. In this study, operational 
cost and waste, as defined in Equations (21) and (22), are simultaneously considered to determine cutting schedules under 
multiple decision criteria. 
 

 
Fig. 9. NSGA-II population evolution over 300 generations for operational cost and waste objectives 

 
Fig. 9 illustrates the population evolution obtained by NSGA-II over 300 generations. Each point represents a candidate 
solution, with color indicating the generation index. It can be observed that the population gradually shifts from the upper-
right region toward the lower-left region, indicating simultaneous improvements in both operational cost and waste. This 
pattern demonstrates that the proposed algorithm effectively guides the search toward a set of non-dominated solutions, 
achieving a balanced optimization between the two objectives. 
 

 
Fig. 10. Convergence of bi-objective functions over generations: operational cost vs. waste 

 
Fig. 10 presents the convergence behavior of each objective. Both operational cost (Z1) and waste (Z2) decrease steadily as 
the number of generations increases. The results show a rapid improvement during early generations, followed by gradual 
convergence, indicating that the algorithm efficiently explores the solution space and stabilizes as it approaches high-quality 
solutions. Fig. 11 shows the final Pareto front obtained from the NSGA-II optimization. Each point on the front represents a 
feasible cutting schedule where neither objective can be improved without worsening the other. The Pareto front clearly 
reveals the trade-off between operational cost and waste: solutions with lower cost generally correspond to higher waste, while 
solutions with lower waste require higher operational cost. 
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Fig. 11. Pareto front of operational cost versus waste 
obtained by NSGA-II 

Fig. 12. Period-wise waste generation under two 
representative Pareto solutions: (a) cost-minimizing 
solution (Point A); (b) waste-minimizing solution (Point B) 

 
From a managerial perspective, the Pareto front provides a set of alternative decision options. Decision makers can select an 
appropriate cutting plan based on their priorities, for example, choosing cost-oriented solutions under economic pressure or 
environmentally favorable solutions under sustainability or regulatory constraints. This flexibility highlights the practical 
value of the proposed multi-objective framework in supporting real-world production planning decisions. To further illustrate 
the trade-off between operational cost and waste, two representative extreme solutions (denoted as Points A and B) are selected 
from the Pareto front, as summarized in Table 8.  
 
Table 8  
Comparison of representative Pareto solutions under cost-minimization and waste-minimization objectives. 

Decision Point Objective Total Operational Cost Total Waste 
A Z1 (Min. Operation Cost) 178,184.13 13,098.16 
B Z2 (Min. Waste) 215,586.48 9,827.48 

 
Point A corresponds to the solution that minimizes operational cost (Z1), while Point B represents the solution that minimizes 
total waste (Z2). As shown in Table 8, when the objective is to minimize operational cost (Point A), the total cost is reduced 
to 178,184.13, but the corresponding total waste increases significantly to 13,098.16 sq m. In contrast, when minimizing total 
waste (Point B), the waste is reduced to 9,827.48 sq m; however, the total operational cost rises to 215,586.48, representing 
an increase of approximately 20%. This comparison clearly highlights the inherent trade-off between economic efficiency and 
environmental performance. Decisions that prioritize cost efficiency tend to generate higher material waste, whereas 
environmentally favorable solutions require additional processing effort and cost. Such a conflict reflects a typical decision 
dilemma faced by manufacturers under sustainability and regulatory pressures. Fig. 12 further illustrates the temporal 
distribution of waste generation under these two decision scenarios. It can be observed that the cost-minimizing solution (Point 
A) leads to consistently higher waste levels across most periods, while the waste-minimizing solution (Point B) effectively 
reduces waste generation throughout the planning horizon. An important advantage of the proposed model is its ability to 
provide not only aggregate performance measures (e.g., total waste), but also detailed period-level information on waste 
generation. This enables factory managers to anticipate when waste peaks may occur and to allocate labor and resources 
accordingly for handling, recycling, or disposal operations. Overall, these results demonstrate that the proposed multi-
objective framework offers practical decision support by quantifying trade-offs and providing actionable insights for balancing 
cost efficiency and environmental considerations. 

 
5. Conclusion 
 
This study addresses a critical production-planning problem in LCD optical film manufacturing, where cutting decisions, 
inventory management, and waste recycling are tightly interrelated but often handled separately in practice. By developing 
an integrated multi-period optimization framework, this research provides a unified approach to coordinate slitting and miter 
cutting decisions with inventory dynamics and recycling mechanisms under realistic operational constraints. 
 
The results demonstrate that considering these decisions jointly can significantly improve production efficiency and resource 
utilization. In particular, the model captures key operational trade-offs between processing cost, material utilization, and 
inventory balance across periods. The numerical experiments show that the proposed approach can effectively reduce waste, 
stabilize inventory levels, and provide consistent cutting decisions under large-scale and multi-period demand environments. 
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An important insight from the analysis is that cutting decisions are not uniformly distributed but tend to concentrate around a 
limited set of angle configurations (e.g., approximately 12°, 20°, and 30°). This phenomenon reflects practical process 
preferences, where certain cutting angles offer better compatibility with equipment and material layout efficiency. Such 
findings suggest that standardizing or prioritizing specific angle configurations may further enhance operational efficiency in 
industrial settings. The extension to a bi-objective framework further reveals the inherent trade-off between operational cost 
and waste generation. While cost-oriented solutions favor simpler and lower-cost cutting operations, they often result in higher 
material waste. Conversely, waste-minimizing strategies require more complex processing and lead to increased operational 
cost. The Pareto front generated by NSGA-II provides a set of alternative solutions, enabling decision makers to select cutting 
strategies based on economic priorities, environmental considerations, or regulatory requirements. From a managerial 
perspective, the proposed framework offers a practical decision-support tool. It not only provides optimal or near-optimal 
cutting plans, but also delivers detailed insights such as period-level waste generation and cutting method allocation. These 
outputs allow production planners to anticipate operational bottlenecks, allocate resources effectively, and design balanced 
cutting strategies that align with both cost and sustainability objectives. Despite its contributions, this study has several 
limitations that open avenues for future research. First, uncertainty in demand, processing time, and recycling efficiency is 
not explicitly modeled and could be incorporated through stochastic or robust optimization approaches. Second, integration 
with real-time production data and digital manufacturing systems would enhance applicability in smart factory environments. 
Finally, the framework could be extended to other roll-based materials and multi-stage manufacturing systems, further 
broadening its industrial relevance. 
 
In summary, this study advances the understanding of LCD optical film cutting by bridging the gap between theoretical 
optimization models and practical production requirements. By integrating cutting, inventory, and recycling decisions within 
a multi-period and multi-objective framework, it provides both analytical insights and actionable solutions for improving 
efficiency and sustainability in modern electronics manufacturing. 
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