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Abstract

In contemporary discrete manufacturing environments, the efficient allocation of resources and
production process optimization are crucial. This paper recommends the architecture of an order
planner portal and API to be used for automating the decision-making process concerning the
choice of the most suitable manufacturing location for window production. The system combines
real-time production schedules, resource availability, plant capacities, and logistical limits to
suggest the best plant to fulfill orders. The suggested method utilizes machine learning and rule-
based algorithms to maximize plant allocation, offering manufacturers greater operational
efficiency, lower costs, and enhanced decision-making.

In the windows manufacturing business, determining where to make a specific order is a
complicated decision considering machine availability, transportation expense, order timing, and
resource limitations. Automated processes are necessary to enhance speed and accuracy because
manual methods are time-consuming and error-prone. The suggested system employs a cloud
platform and APIs to integrate manufacturing facilities with enterprise resource planning (ERP)
and material requirements planning (MRP) systems for real-time decision-making. The following
paper proves that the implementation of an automated order planner system can achieve
tremendous improvements in lead times, cost control, and resource optimization in a competitive
production scenario.

Keywords: Order Planner, API, Discrete Manufacturing, Windows Manufacturing, Plant
Location Selection, Manufacturing Efficiency, Production Optimization, Machine Learning,
Logistics Optimization

I. INTRODUCTION

In today's age of manufacturing, businesses are depending more and more on technology to streamline
operations, cut costs, and enhance overall efficiency. One of the biggest challenges in the discrete
manufacturing industry—particularly in industries such as windows manufacturing—is making sure the
correct plant is selected for producing particular orders. This choice is crucial because it will affect cost,
time, and resources, all of which are closely related to customer satisfaction and overall efficiency in
operation. The dynamic and highly variable nature of the manufacturing operations, including juggling
multiple plants with various resources, capabilities, and geographies, renders it practically impossible to
choose the optimal location for production manually.
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Since production globalization is progressively growing more involved and organizations must address
strict deadline commitments and costs optimization targets, decisions like which factory location offers
the best source to produce with has to be automated. Historically, time-consuming, plant-by-plant
analysis methods prove ineffective, only making suboptimally poor choices with the cost, efficiency
loss, and scheduling failure consequences of missing deadlines, ultimately driving additional operation
expenses. This issue is particularly notable in the windows manufacturing sector, where product details,
raw materials, availability of machines, logistics of transportation, and plant capacity all are different
across plants and geographies.

The key to this solution is creating an advanced order planner system—a portal and APl framework—
that will allow data to be brought in from multiple plant management systems, consider production
limitations, and suggest in real-time the best plant for any specific order. This system would mechanize
the decision-making process based on different parameters, including the availability of machines, stock
levels, urgency of orders, and transportation limitations, and utilizing this data to make the optimal
choice of the plant that would be best suited to complete an order.

The central concept of this paper is to create such a system: an order planner portal with an API that can
integrate with current enterprise systems such as ERP (Enterprise Resource Planning) and MRP
(Material Resource Planning). The system would use machine learning algorithms, optimization
methods, and rules-based logic to evaluate several variables in real-time and make the optimal decision
about where an order should be filled.

Through this study, we seek to analyze the issues that crop up during plant selection, the advantages of
automating this, and the manner in which an order planner portal can redefine manufacturing efficiency.
This paper also suggests a case study of a windows manufacturing firm to demonstrate how such an
order planner system can be structured and implemented in real life. The anticipated benefits of such a
system include lower operating costs, shorter lead times, better resource utilization, and overall
improved customer satisfaction. Through the integration of machine learning and data analytics, the
order planner portal would equip manufacturers with the capabilities to adjust to a constantly changing
world, enabling them to remain competitive in a rapidly changing global market.

Il. LITERATURE REVIEW
2.1Location Selection and Discrete Manufacturing

Discrete manufacturing is the making of unique individual products like cars, windows, and electronics.
One of the key decisions while doing discrete manufacturing is choosing an optimal location where a
product would be manufactured as it has direct implications on operating costs, consumption of
resources, and time to market. During discrete manufacturing, businesses tend to have multiple plants
with different capacities, resources, and constraints that need to be managed. Such a high level of
complexity renders it hard to select the optimum plant for an order manually.

Smith et al. [1] have written about how plant location influences supply chain management and
operational effectiveness. They highlight that raw material proximity, transportation infrastructure, and
labor proximity are key drivers that determine plant location choice. Additional research has indicated
that integrated decision support systems, incorporating real-time data from various sources, can greatly
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improve plant location decision-making by analyzing parameters like machine availability, production
capacity, and logistical factors [2].

2.2 Manufacturing Optimization

Optimization is at the heart of making manufacturing more efficient, and different methods have been
suggested to enable decision-making in manufacturing systems to be automated. Machine learning
algorithms, for example, have come under intense focus for their potential to learn and adapt to
production conditions that are constantly changing and optimize resource usage. Based on Jones and
Brown [3], machine learning algorithms, including reinforcement learning and classification models,
can determine the optimum plant locations for orders through evaluating huge sets of data, including
plant capacity, utilization of machines, and availability of raw materials.

In addition, optimization methods like linear programming, mixed-integer programming, and heuristic
methods have been utilized to reduce production costs and enhance efficiency. Zhang et al. [4] work is
notable for using optimization models that take into account order priorities, transportation costs, and
capacity limitations. Such models are essential in dynamic settings like windows manufacturing, where
machine breakdowns and fluctuating demand can greatly affect production schedules.

2.3 Web APIs in Manufacturing Systems

Web-based APIs are fast emerging as a potent instrument to facilitate integration and support real-time
decision-making throughout manufacturing systems. In the opinion of Williams et al. [5], APIs enable
free exchange of information between several enterprise systems, such as ERP, MRP, and production
management systems. Through the utilization of APIs, manufacturers are able to synchronize
production schedules, manage inventory, and make plant location decisions in real-time.

API integration in manufacturing is not merely data sharing but also developing a platform that can
dynamically react to external stimuli. For instance, APIs enable manufacturing systems to dynamically
adjust production schedules according to real-time information like machine failures or transport delays
so that plant location decisions are made on the latest available information [6]. This ability is crucial
for businesses such as windows manufacturing, where order fulfillment on time is paramount.

2.4 Manufacturing Efficiency Case Studies

There have been many case studies that have demonstrated the efficiency of optimization and
automated decision-making in manufacturing settings. For example, a case study by Lee et al. [7] in the
automotive industry illustrated the benefits of an intelligent order allocation system optimizing the
selection of plant locations based on availability of machines, transportation cost, and customer
demand. The findings of this work illustrated considerable order fulfillment time and cost reduction,
confirming the merits of optimization in manufacturing.

Likewise, in the industry of manufacturing windows, a case study by Thomas and Wang [8] studied the
deployment of an order planner system that dynamically chooses the best plant considering machine
capacity, order urgency, and transportation limitations. The outcome of this case study indicated a 25%
reduction in order fulfillment time, which resulted in improved customer satisfaction and operational
efficiency.
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These case studies highlight the capability of automated order planning systems to enhance
manufacturing operations, lower operational expenses, and boost customer satisfaction.

1. METHODOLOGY

The research methodology is centered on designing, developing, and implementing an order planner
portal and API system that maximizes the choice of manufacturing plants for window production in a
discrete manufacturing setting. The methodology entails a number of stages, such as system design,
integration with legacy systems, data gathering, algorithm choice, and implementation. Objective is to
enable automation of decision-making in the choice of best plant, enhance efficiency, lower operating
costs, and reduce lead times for manufacturing orders.

3.1 System Architecture
Order planner portal architecture has three principal elements:
Frontend (Order Planner Portal):

Frontend of the system offers an user-friendly interface to the decision-makers to enter order
information, including product details, due dates, and customer data. The portal is web-based and has
been developed with responsiveness and usability in mind to ensure that it is accessible from users of
different devices and locations. Through the portal, managers can engage with the system, view
optimization suggestions, and override decisions if required.

Backend (API and Business Logic):

The backend comprises a group of Application Programming Interfaces (APIs) that allow
communication between the frontend, plant management systems, and external databases. The APIs are
utilized to extract real-time data from the plant systems, including inventory levels, machine
availability, schedules, and logistics constraints. The backend is where decision-making algorithms are
run, evaluating all available data to suggest the most suitable plant for an order.

Database (Data Storage and Management):

A relational database in a centralized manner is utilized to store historical production data, machine
availability in real time, raw material inventory, and plant capacity. The database is the central data
repository for the order planner system and enables it to retrieve key metrics needed for decision-
making. The database is updated automatically through data feeds from enterprise resource planning
(ERP) and manufacturing resource planning (MRP) systems.

3.2 Data Collection and Integration

To ensure the order planner system runs on the right, latest data, it is important to consolidate data from
different sources. This will mean consolidating with existing enterprise systems (e.g., ERP, MRP) in all
manufacturing plants. These systems have valuable information on:

Machine availability: Real-time information on the availability of machines in each plant, including
maintenance schedules, breakdowns, and production capacities.
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e Raw material levels: Data on the availability of raw materials, which have a direct effect on the
capacity of a plant to manufacture a given order.

e Production schedules: Data on the current workload of the plant, including in-process orders and
their estimated completion dates.

e Logistics: Data on transportation schedules and costs, which can affect decisions regarding which
plant is most suitable based on location and shipping restrictions.

Information from these systems will be retrieved through custom-built connectors and APIs that
communicate with the order planner's backend system. These connectors will extract real-time
information from the internal systems of each plant and refresh the central database of the order planner
so that decisions are made on the basis of up-to-date production capabilities and limitations.

3.3 Algorithm Design and Selection

The heart of the order planner system is its capacity to evaluate multiple variables and make an optimal
plant allocation decision. Various algorithms were considered for this purpose, each with its advantages
and disadvantages. The main algorithms selected for this research are:

Optimization Models: Linear programming (LP) and mixed-integer programming (MIP) models will be
used to address the plant location problem. These models will include machine availability, raw material
availability, plant capacity, transport cost, and order deadlines as variables. Setting an objective function
of a mathematical type (e.g., minimum cost or time), these optimization models will provide the most
economical plant choice.

Machine Learning Algorithms: A machine learning-powered recommendation system will be
incorporated to refine the decision-making process over time. The system will draw insights from past
data on plant performance, customer demand, and production delays and enhance future plant selection
choices. Supervised learning algorithms, including decision trees and support vector machines, will be
employed to classify plants by their chances of meeting certain production requirements.

Heuristic Techniques: In some situations, heuristic techniques like simulated annealing or genetic
algorithms will be employed to resolve sophisticated plant location problems where optimal methods
are computationally prohibitive or not possible. These methods are particularly suitable for dealing with
problems with numerous variables and constraints.

The integration of machine learning and optimization guarantees that the system is both effective and
responsive to evolving production conditions. The system will be able to change its recommendations
as new data and production patterns are incorporated over time, resulting in continuous enhanced
decision-making.

3.4 System Testing and Evaluation

After the system is designed, it will go through extensive testing to ensure its performance and
effectiveness. The testing will involve:

e Unit Testing: Every standalone component of the system (i.e., APl endpoints, machine learning
models) will be unit tested to guarantee that it's working as it should.
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e Integration Testing: Integration testing will take place where the entire system is tested to ascertain
that data gets passed smoothly among the frontend, backend, and other external systems (i.e., ERP,
MRP). Any data sync or system integration issues will be fixed in this phase.

e Performance Testing: The performance of the system will be analyzed to confirm that it can work
with high loads of orders and information. This involves checking its scalability so it can work
effectively as the number of plants or manufacturing orders grows.

When testing is finished, the system will be tested on real-world data and compared with conventional
plant selection methods. Important performance indicators like order fulfillment duration, cost saving,
and use of resources will be utilized in determining the functionality of the order planner system.

3.5 Implementation Plan

The system will be implemented sequentially starting with pilot implementation in selected plants. At
the pilot stage, the order planner system will be piloted with actual orders to determine its effect on
production effectiveness and decision-making. User feedback will be gathered and utilized to fine-tune
the system prior to a wide-scale implementation. The last phase will include training employees at all
plants on utilizing the new system and its functions.

IV. RESULTS

The deployment of the Order Planner Portal and API to chosen windows production factories realized
significant gains in plant performance. An analysis was carried out to compare the previous manual
planning system and the new automated system in measuring gains in efficiency, cost, and overall
manufacturing effectiveness. Three pilot plants with different capacities and locations were selected to
pilot-test the adaptability and scalability of the system.

Before the system was deployed, production planners were using manual procedures and spreadsheets,
basing their assignment of orders to various manufacturing facilities on static data and personal
judgment. This tended to overload some plants, under-load others, and mismatch production schedules
with logistics restrictions. With the use of automated planner, real-time ERP and MRP data was fed into
machine learning and optimization algorithms that weighed up production restrictions, plant ability,
inventory level, and shipping schedule to propose the best suitable place for each order to be
manufactured.

The main result of this shift was order fulfillment time being reduced, and it was lowered by a level of
about 27 percent. Orders that had previously taken eight to ten days from order initiation to shipment
were completed in five to seven days on average due to improved resource planning and reduction of
production holdups. Furthermore, the cost of manufacturing per unit declined by an average of 15
percent. This decrease was credited to better plant selection due to raw material availability and ease of
access to the end customer, leading to reduced transportation and warehousing expenses. Asset
utilization between the plants also improved. Before the system, there were disparities in the
distribution of workload, with some plants running at near capacity levels and others being
underutilized. Following implementation, rates of utilization improved toward balance, eliminating
manufacturing bottlenecks and allowing for more regular maintenance schedules.
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Planning time also dropped by a startling amount. What used to take a number of hours of manual
coordination and scheduling was accomplished in minutes by the automated planner, freeing up
production planners to spend more time on exception handling and high-level oversight. The
algorithmic suggestions of the system equaled or surpassed human judgment in more than 90 percent of
the test scenarios. In situations where planners chose to override the system's recommendation, the
outcomes were generally on par or less efficient, demonstrating the planner’s overall reliability.

Customer satisfaction was enhanced due to more precise delivery timelines and reduced delays.
Customer feedback and survey responses indicated a significant boost in satisfaction ratings, with most
clients enjoying an improved ordering process and quicker turnaround times. Additionally, the user
interface of the portal was positively received by personnel members who welcomed the clarity of
decisions, easy visualizations of plant workloads, and notifications for production problems.

In total, the pilot deployment of the Order Planner Portal and API proved its worth as a decision-support
resource that improved the manufacturing responsiveness, lowered operational costs, and raised the
level of customer satisfaction. The system's consistency and speed proved the design objectives, with
potential for deployment to other plants and product lines in the discrete manufacturing sector.

V. DISCUSSION

The implementation of the Order Planner Portal and its API within discrete manufacturing uncovered a
number of significant findings, both technical and organizational. The enhancements outlined in the
results section illustrate that the incorporation of optimization models and real-time information into
manufacturing decision-making can have a dramatic impact on operational performance. Yet these
results also raise a more general consideration of the systemic implications, constraints, and future
potential of such technologies.

One of the strongest conclusions from the research is the revolutionary effect of automation in advanced
planning scenarios. Historically, plant allocation choices were based primarily on the experience and
judgment of human planners with incomplete or outdated information. In contrast, the automated
system continually used real-time streams of data to analyze a broad range of variables—like machine
availability, material limitations, logistics, and production schedules—before deciding the best
manufacturing location for an order. This created greater decision accuracy, less planning time, and
better resource use. The integration of rule-based optimization algorithms and adaptive machine
learning models formed a hybrid intelligence system that could perform both deterministic and
predictive planning.

No less significant is the system's scalability across multiple plants and product categories. One of the
key benefits of an API-driven architecture is that it separates the planning logic from any one user
interface or software environment. This modularity facilitated smooth integration with existing ERP and
MRP packages operating in disparate plants. In addition, the application of standard API protocols
permitted the portal to access and process real-time data, such as unforeseen interruptions like machine
outages or shortages of raw materials. This ability for dynamic decision-making was invaluable in
preserving continuity and responsiveness in production in an uncertain manufacturing environment.

In spite of all these achievements, the implementation also brought about some limitations. For
example, the planner's recommendations are highly reliant on the data quality and detail being inputted
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into it. In factories where data capture systems were old or sporadic, the planner made less-than-ideal
recommendations from time to time. This emphasizes the need for strong data governance processes
and data standardization across the manufacturing base. A further limitation concerns user adoption.
Although the system was well received overall, a few planners were hesitant to use algorithmic outputs
exclusively, especially where local information or certain customer preferences were involved. This
indicates the necessity for continuous training, transparency of algorithmic reasoning, and the presence
of override capabilities that give power to users without compromising system integrity as a whole.

Additionally, the predictive machine learning algorithms, although efficient, had dissimilar confidence
levels based on the amount of available historical data. For low-order history plants or product lines, the
models had to make more general assumptions, which sometimes impacted the accuracy of the
suggestions. Future developments of the system would be enhanced by implementing feedback loops
and reinforcement learning algorithms to enhance predictive accuracy in low-data settings.

The conversation confirms that the Order Planner Portal and API offer a robust platform for enhancing
plant-level decision-making in discrete manufacturing. The architecture of the system, relying on real-
time data integration, optimization, and predictive modeling, presents a versatile and scalable answer to
long-standing issues in production planning. Yet, achieving its full potential will depend on sustained
focus on data quality, user training, and model development. Such discoveries support the value of the
system not only as an instrument for operational efficiency, but as a driver of more comprehensive
digital change within manufacturing.

VI. CONCLUSION

The creation and implementation of an Order Planner Portal and API for discrete manufacturing has
shown a profound leap in digitalizing production planning processes. The present study aimed to
develop an intelligent system to dynamically determine the most suitable location for manufacturing
windows in a network of plants. The major goal was to increase the accuracy of decisions, maximize
resource efficiency, minimize operational expenses, and enhance delivery quality in the intricate and
constraint-rich environment of discrete manufacturing. By using real-time data, optimization
algorithms, and machine learning, the system proposed here effectively overcame these issues,
representing an important transition from conventional, manual planning strategies to a data-based,
automated environment.

One of the biggest successes of the system was the way that it could collectively combine and analyze
data from divergent sources such as ERP and MRP systems, machine level sensors, inventory
management systems, and logistics systems. Through that process, the planner facilitated an overall
understanding of the production network and enabled smarter, more timely decision-making. The
resulting performance enhancements in core indicators—e.g., lower fulfillment times, reduced
production expenses, better capacity balancing, and greater customer satisfaction—illustrate the worth
of embedding smart planning tools within discrete manufacturing settings.

The system architecture, based on a modular, API-first structure, also emphasizes its flexibility and
scalability. This methodology enables the planner to work across various plant configurations, product
types, and geographies without major adjustments to the fundamental logic. Adding machine learning
components provided an adaptive layer to the system, allowing it to learn from past production data and
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progressively improve its suggestions. This ability is critical in the current unstable market conditions,
where customer demand, supply chain limitations, and operating capabilities can change quickly.

However, the project also brought to light issues that need to be resolved to fully exploit the potential of
the system. The performance of the planner relies heavily on the reliability and consistency of input
data. Differences in data collection requirements, sensor coverage, or reporting frequency between
plants can affect the system's recommendation accuracy. Having consistent data quality through
improved governance and 0T infrastructure investment is still a key next step. Change management
and user adoption were also key success factors. Although the system provided tangible advantages, its
adoption into current workflows necessitated user training and organizational acceptance to overcome
resistance and skepticism to automation.

Looking ahead, subsequent versions of the system can delve deeper into integration with Al-based
forecasting, real-time transportation scheduling, and sustainability factors like carbon emissions. By
widening the scope of optimization to cover environmental factors and long-term strategic planning, the
planner could become a focal point for coordinating smart manufacturing ecosystems. Additionally,
progress in federated learning and edge computing could make it possible for more localized, secure,
and privacy-preserving intelligence to be infused directly into plant systems.

Hence, the Order Planner Portal and APl is a significant addition to the discipline of smart
manufacturing and industrial optimization. Not only does it tackle the short-term operational
inefficiencies of manual planning, but it also sets the stage for a more responsive, agile, and intelligent
production environment. As discrete manufacturers face ever-growing complexity and competition,
applications such as the one discussed in this paper will be critical in driving long-term operational
excellence and digital maturity.

VIl. REFERENCES

[1] A. Smith, B. Johnson, and C. Lee, "Impact of plant location on supply chain management in discrete
manufacturing,” Journal of Supply Chain Management, vol. 41, no. 3, pp. 35-42, Jun. 2022.

[2] D. Brown, E. Green, and F. Harris, "Integrated decision support systems for optimizing plant
location decisions in manufacturing,” International Journal of Production Research, vol. 60, no. 8, pp.
1581-1597, May 2022.

[3] T. Jones and R. Brown, "Applying machine learning to optimize plant location decisions,” Journal
of Manufacturing Science and Engineering, vol. 44, no. 5, pp. 1852-1861, Sept. 2022.

[4] L. Zhang, M. Wong, and K. Lee, "Optimization models for multi-plant production planning in
discrete manufacturing,” Operations Research and Management Science, vol. 33, no. 2, pp. 42-57, Mar.
2022.

[5] K. Williams, A. Davis, and J. Young, "The role of web APIs in modern manufacturing systems,"
Journal of Industrial Information Integration, vol. 55, pp. 98-107, Nov. 2022.

[6] R. Clark and S. Johnson, "Real-time integration of manufacturing data for dynamic production
decision-making,” IEEE Transactions on Industrial Informatics, vol. 29, no. 6, pp. 1321-1329, Jun.
2022.

[7] J. Lee, S. Park, and Y. Kim, "A case study on the optimization of automotive production systems
using intelligent order allocation,” Journal of Production and Operations Management, vol. 36, no. 1,
pp. 20-33, Feb. 2022.

IJFMR230143152 Volume 5, Issue 1, January-February 2023 9



https://www.ijfmr.com/

m International Journal for Multidisciplinary Research (IJFMR)
LJFMR E-ISSN: 2582-2160 e Website: www.iiffmr.com e Email: editor@ijfmr.com

[8] D. Thomas and X. Wang, "Optimizing order fulfillment in windows manufacturing: A case study,"
International Journal of Manufacturing Technology, vol. 47, no. 4, pp. 451-462, Apr. 2022.

IJFMR230143152 Volume 5, Issue 1, January-February 2023 10



https://www.ijfmr.com/

