
 

Journal of Advances in Developmental Research (IJAIDR) 

E-ISSN: 0976-4844   ●   Website: www.ijaidr.com   ●   Email: editor@ijaidr.com 

 

IJAIDR23012129 Volume 14, Issue 1, January-June 2023 1 

 

Optimizing Capacity Utilization Through 

Integrated Production Planning in Discrete 

Manufacturing Supply Chains 
 

Sahil Bansal 
 

Senior Supply Chain Manager and Analytics 

sahilb@umich.edu 

 

Abstract: 

The rapid growth of consumer demand in discrete manufacturing industries has placed immense pressure 

on production planning systems to maximize capacity utilization while minimizing operational waste. This 

paper examines five strategic approaches to optimize capacity utilization in high-volume manufacturing 

networks: Integrated Sales and Operations Planning (S&OP), Digital Twin-Enabled Production 

Scheduling, Constraint-Based Resource Allocation, Dynamic Bill of Materials (BOM) Management, and 

Predictive Maintenance Integration. Through case studies, pseudo-code implementations, and operations 

research techniques, this paper provides a comprehensive framework for manufacturers to achieve higher 

throughput with existing infrastructure, reducing capital expenditure requirements by up to 18%. 
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1. INTRODUCTION 

The global discrete manufacturing sector has witnessed unprecedented demand volatility over the past 

decade, driven by shorter product lifecycles, mass customization, and intensified market competition. 

Manufacturing firms operating multiple plants with annual production volumes exceeding millions of 

units face significant challenges in aligning capacity allocation with fluctuating demand patterns across 

product families. 

Traditional production planning approaches, relying on static forecasts and fixed scheduling rules, result 

in substantial capacity underutilization. Studies indicate that the average manufacturing plant operates at 

only 65–75% of its theoretical capacity, with the remaining potential lost to unplanned downtime, 

changeover inefficiencies, demand-supply mismatches, and fragmented planning processes [1]. This 

inefficiency translates to billions of dollars in unrealized output globally and unnecessary capital 

investments in additional capacity. 

 

2. PROBLEM STATEMENT 

In 2021, discrete manufacturing plants with multi-product, multi-plant configurations experienced 25–

35% capacity underutilization due to siloed planning functions, reactive scheduling practices, and 

inadequate demand signal integration [2]. This underutilization increases per-unit production costs by 12–
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20%, reduces return on capital employed, and delays new product introductions (NPI) that depend on 

available production slots. The challenge intensifies in industries with seasonal demand patterns and 

complex product portfolios requiring frequent line changeovers. 

 

3. PROPOSED SOLUTIONS 

The following five strategies address capacity underutilization systematically across the production 

planning value chain: 

 

3.1 Integrated Sales and Operations Planning (S&OP) 

A cross-functional S&OP process aligns demand forecasts, production schedules, inventory targets, and 

financial plans into a unified rolling plan. By integrating inputs from sales, marketing, supply chain, and 

manufacturing operations on a monthly planning cycle, organizations eliminate information silos that 

cause capacity misallocation. Statistical demand sensing techniques augmented with market intelligence 

improve forecast accuracy by 15–25%, enabling proactive capacity pre-positioning rather than reactive 

adjustments [3]. 

 

3.2 Digital Twin-Enabled Production Scheduling 

Digital twin technology creates virtual replicas of manufacturing systems, enabling simulation-based 

schedule optimization before execution. Production planners model multiple scheduling scenarios—

varying batch sizes, sequence rules, and resource assignments—to identify configurations that maximize 

throughput while respecting quality and maintenance constraints. Digital twins incorporate real-time 

sensor data from shop floor equipment, enabling dynamic rescheduling when deviations occur [4]. 

 

3.3 Constraint-Based Resource Allocation 

Constraint-based planning applies Theory of Constraints (TOC) principles to identify and exploit 

bottleneck resources across manufacturing networks. By subordinating all scheduling decisions to the 

constraint resource's capacity, manufacturers eliminate local optimization that creates system-wide 

inefficiency. Multi-plant environments benefit from network-level constraint identification, enabling 

demand routing to plants with available capacity at specific process stages [5]. 

 

3.4 Dynamic Bill of Materials (BOM) Management 

In multi-product manufacturing environments, BOM complexity drives changeover frequency and setup 

time losses. Dynamic BOM management groups products by manufacturing similarity rather than market 

classification, enabling production families that minimize changeover requirements. Platform-based 

product architectures with modular BOMs allow flexible scheduling of variant combinations that 

maximize continuous run lengths while meeting diverse demand requirements [6]. 

 

3.5 Predictive Maintenance Integration with Production Scheduling 

Unplanned equipment downtime is the single largest contributor to capacity loss in discrete 

manufacturing, accounting for 5–12% of available production time. Integrating predictive maintenance 

algorithms with production scheduling enables maintenance activities during planned low-demand periods 

rather than reactive shutdowns during peak production windows. Condition-based monitoring data feeds 
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into scheduling algorithms to dynamically adjust production plans around predicted maintenance events 

[7]. 

 

4. LEVERAGING OPERATIONS RESEARCH TO OPTIMIZE MULTI-PLANT PRODUCTION 

ALLOCATION 

The multi-plant capacity allocation problem is formulated as a Mixed Integer Linear Programming (MILP) 

model to determine optimal production quantities across plants and periods. 

 

4.1 Objective Function 

The objective is to minimize total cost Z, composed of production costs, setup costs, and inventory holding 

costs: 

Minimize Z = Σᵢ Σⱼ Σₜ (cᵢⱼₜ · xᵢⱼₜ + sᵢⱼₜ · yᵢⱼₜ + hⱼₜ · Iⱼₜ) 

 

4.2 Decision Variables 

xᵢⱼₜ = quantity of product j produced at plant i in period t 

yᵢⱼₜ = binary setup variable (1 if product j is produced at plant i in period t, else 0) 

Iⱼₜ = inventory of product j at end of period t 

 

4.3 Model Parameters 

cᵢⱼₜ = unit production cost at plant i for product j in period t 

sᵢⱼₜ = setup cost for product j at plant i in period t 

hⱼₜ = holding cost per unit of product j per period 

Cᵢₜ = available capacity at plant i in period t 

dⱼₜ = demand for product j in period t 

 

4.4 Constraints 

(1) Capacity Constraint: Total resource consumption at any plant i in period t must not exceed available 

capacity: 

Σⱼ (aᵢⱼ · xᵢⱼₜ + fᵢⱼ · yᵢⱼₜ) ≤ Cᵢₜ      ∀ i, t 

(2) Demand Fulfillment: Inventory balance must satisfy demand in each period: 

Iⱼ,t⁻¹ + Σᵢ xᵢⱼₜ − Iⱼₜ = dⱼₜ      ∀ j, t 

(3) Minimum Batch Size: Production quantity must meet minimum batch requirement when setup is 

active: 

xᵢⱼₜ ≥ Qᵐᴵⁿ · yᵢⱼₜ      ∀ i, j, t 

(4) Setup Linkage (Big-M Formulation): Production is only possible if setup variable is activated: 

xᵢⱼₜ ≤ M · yᵢⱼₜ      ∀ i, j, t 

This formulation is solved using branch-and-bound algorithms within commercial MILP solvers to 

generate optimal production allocation plans that minimize total cost while satisfying all demand and 

capacity constraints. 
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5. CASE STUDIES 

5.1 S&OP Integration at a High-Volume Automotive Manufacturer  

A leading two-wheeler manufacturer producing over 6 million units annually across 4 plants implemented 

an integrated S&OP process replacing siloed departmental planning. Within 12 months, capacity 

utilization increased from 72% to 86%, production plan adherence improved from 78% to 93%, and capital 

expenditure for capacity expansion was deferred by $15M over three years [3]. 

 

5.2 Digital Twin Deployment in Electronics Manufacturing 

A consumer electronics manufacturer deployed digital twin simulation for a high-mix production facility 

producing 200+ SKUs. The digital twin evaluated 10,000+ scheduling scenarios weekly, selecting 

solutions that reduced changeover time by 34% and increased effective capacity by 19% without 

additional equipment investment. Annual throughput improvement was valued at $8.2M [4]. 

 

6. IMPLEMENTATION BARRIERS 

 Data Integration Complexity: Manufacturing systems (ERP, MES, SCADA) often operate on 

heterogeneous platforms with inconsistent data formats, requiring significant middleware investment 

for real-time integration. 

 Organizational Resistance: Cross-functional S&OP requires breaking established departmental 

boundaries and decision-making authority structures, which encounters significant cultural resistance. 

 Skill Gap: Advanced planning techniques require analytical talent combining manufacturing domain 

expertise with data science and operations research competencies, a combination that is difficult to 

source. 

 

7. FUTURE TRENDS 

The convergence of Industrial IoT, edge computing, and reinforcement learning is expected to enable 

autonomous production planning systems that continuously self-optimize without human intervention. 

Sustainability-driven regulations will further incentivize capacity utilization improvements to reduce 

energy consumption and carbon emissions per unit produced. 

 

8. APPLICATIONS 

The proposed framework is applicable across discrete manufacturing sectors including automotive, 

electronics, consumer goods, and aerospace. Organizations implementing integrated capacity optimization 

report utilization improvements of 15–25% across different manufacturing configurations, with 

corresponding reductions in unit cost and capital intensity [8]. 

 

9. IMPACT 

A 15% improvement in capacity utilization can reduce per-unit manufacturing costs by 8–12% and defer 

capital expenditure requirements by 20–30% over a 5-year planning horizon. At an industry scale, 

optimized production planning across global discrete manufacturing could unlock over $200B in 

unrealized capacity annually [9]. 
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10. PSEUDO-CODE IMPLEMENTATION 

The following pseudo-code outlines the algorithmic logic for each of the five proposed strategies: 

 

Function IntegratedSOPPlanning(demand_signals, capacity_data): 

    If forecast_accuracy < 80%: 

        apply_demand_sensing(market_data, POS_data) 

        recalculate_consensus_forecast() 

    align_production_plan(consensus_forecast, capacity_data) 

    Return optimized_monthly_plan 

 

Function DigitalTwinScheduling(plant_model, production_orders): 

    scenarios = generate_scheduling_scenarios(1000) 

    For each scenario in scenarios: 

        Simulate (plant_model, scenario) 

        evaluate (throughput, changeover_time, utilization) 

    Return select_optimal_scenario(max_utilization) 

 

Function ConstraintBasedAllocation(network_plants, demand_portfolio): 

    bottleneck = identify_system_constraint(network_plants) 

    If bottleneck.utilization > 95%: 

        route_demand_to_alternate_plant(demand_portfolio) 

    Else: 

        subordinate_schedule_to_constraint(bottleneck) 

    Return balanced_network_plan 

 

Function DynamicBOMGrouping(product_portfolio, setup_matrix): 

    families = cluster_by_manufacturing_similarity(setup_matrix) 

    sequence = optimize_family_sequence(families, min_changeover) 

    Return production_families, optimal_sequence 

 

Function PredictiveMaintenanceScheduling(equipment_health, production_plan): 

    If predicted_failure_probability > 0.7: 

        maintenance_window = find_low_demand_period(production_plan) 

        schedule_preventive_maintenance(maintenance_window) 

    Return updated_production_plan 

 

11. DATA TABLES 

Table 1: Capacity Utilization Improvement by Strategy [8] 

Strategy Utilization Improvement 

Integrated S&OP 12–15% 

Digital Twin Scheduling 15–19% 

Constraint-Based Allocation 10–14% 
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Strategy Utilization Improvement 

Dynamic BOM Management 8–12% 

Predictive Maintenance Integration 5–8% 

 

Table 2: Unit Cost Reduction from Capacity Utilization Gains [9] 

Utilization Improvement Unit Cost Reduction CapEx Deferral 

10% 6% 12% 

15% 9% 20% 

20% 13% 28% 

25% 18% 35% 

 

12. CONCLUSION 

Optimizing capacity utilization in high-volume discrete manufacturing requires a systematic integration 

of five complementary strategies spanning demand planning, scheduling optimization, constraint 

management, product architecture, and maintenance planning. The proposed framework demonstrates that 

manufacturers can achieve 15–25% utilization improvements through analytical methods and cross-

functional process integration, significantly reducing unit costs and deferring capital investments. 

While implementation barriers related to data integration, organizational change, and skill availability 

persist, the continued advancement of digital technologies and AI-driven planning tools is expected to 

accelerate adoption across the manufacturing sector. Future work should explore the application of 

reinforcement learning for real-time adaptive scheduling in environments with high demand uncertainty. 
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