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Abstract 

     In this project, a company in charge of producing food products, with a complex production process, was studied. This 

company does not have tools or methodologies to analyze the behavior of variables, which in the literature are considered 

important to adequately plan a specific period of time. For this reason, the focus of the project is on the planning and 

execution of the company's production process. To solve this problem, a sequence is proposed that links the planning 

methodology with the execution methodology, where both have different objectives, but their results are used to feed back 

the process in general, achieving a better performance in the use of raw materials and the reduction of possible shortages, 

which in the end influence the reduction of production costs, generating more profits for the company. The sequence starts 

from the separate development of tools, which firstly provide a solution to the planning of the supply of raw materials to 

meet the forecasted demand, and secondly, the creation of tools that establish a production plan, indicating the order of the 

work to be done and providing an idea of the current production capacity of the company. To test the effectiveness of the 

methodologies, company’s data related to processing times of the stations, machines, quantities produced for each day and 

the historical demands of the company was used. All those data were analyzed, and a simulation model was built to adjust 

the final methodology. Indeed, an important part of the process was the collaborative work with the company, since feedback 

was received through the communication of the results. 

 

     The design of the methodologies used is focused on responding only to the specific problem of the case study, therefore, 

in order to implement the methodology in another case, multiple adjustments must be made. Those tools are elaborated in 

a programming language, so at least one person who understands the language and the logical structure of the solution is 

needed. By implementing the methodology developed, the demand forecasts are adjusted to the behavior of the demand, 

resulting in an accurate forecast for supply. In addition, for planning, having a safety stock reduces costs and allows 

controlling the peaks that a stochastic demand can generate. Integrating execution and planning leads to greater savings, 

where shortages are reduced and, in general, a better planning of a production week is achieved. 
 

 

1. Justification and problem statement  

     How many is enough? The world produces enough food to feed ten thousand million people, while we are 

only about 7500 million. Surprisingly right, not only we have more than enough, but even every year 1/3 of all 

the food produced is wasted or thrown away. If we could recover 25% of wasted food, 870 million people could 

be fed (BBC Mundo, 2019) (Garcia-Garcia et al., 2019). 

     Currently, there are many companies dedicated to manufacture products for different purposes, for example, 

the food industry transforms raw materials into processed and semi-finished products to meet the food needs of 

the population, such as canned food, super processed foods, dairy products, snacks, sweets, among others. The 

food industry is characterized for dealing with high production volumes, due to high daily demand and short-

term inventory turnover (Shin et al., 2019). Particularly, producers face great uncertainty in demand because it 



does not remain constant, and it is affected by different factors that are often external to producers such as 

trends, public policies, special dates, etc. In addition, customers seek for high-quality products with competitive 

prices and producers must constantly improve quality to meet customer requirements as well as standards 

imposed by the control agencies.  

     Furthermore, another important constraint is that food products have limited shelf life. Therefore, inventory 

times must be taken into consideration for production planning. When an expiration date approaches, companies 

are challenged to use those products before they reach the expiration date, because wasted food means a money 

leak and a logistical problem for the production process or the inventory logistics. (Sebatjane & Adetunji, 2021) 

pointed out that expiration dates limit general models but provides a perfect opportunity for new methodologies 

to meet this challenge.  

     It is common that in the food industry, production can be either make to stock or make to order, such 

dynamics controls the number of resources available for production. The decision on which dynamic a company 

should use depends on the master production schedule (MPS), a planning tool that defines production needs, 

quantity production times and stock definition if needed, based on historical data and the environmental factors. 

As it is known food production has a vast number of required materials, thus, this industry also handles many 

suppliers to satisfy customer demand. However, the MPS does not consider the current resources or the 

materials to produce the desired product. So, how to generate raw material orders to get the finished product 

without tardiness and zero wasted materials? is the question that material requirement problem (MRP) tackles.  

     MRP seeks a timely planning of raw materials without shortages, and without exceeding the quantity to be 

ordered, to produce the final product (Dziak, 2022). It is quite common that there are certain factors related to 

uncertainty that can influence the correct execution of the MRP. To generate a planning model that tackles 

environments that can be affected by uncertainty, it is important to adapt measures to deal with stochastic 

features in certain parameters such as demand, production and supply lead times, among others (Cano et al., 

2021). Likewise, in the food industry sector, it is of utmost importance to consider the effect of other additional 

aspects such as shelf life, when implementing strategies for this type of planning decisions. 

     There are several examples that show the importance of implementing an MRP model in the food industry. 

For instance, let us consider the case of a company located in the southeast of Spain which oversees the 

production of baby food such as juices, jams and cereal bars. The main problem of this industry is that they are 

exposed to exceptionally high standards for the production of baby food. Therefore, finished products that do 

not meet the expected standards are disposed into landfills, causing a loss of revenue and the additional costs of 

disposal and environmental taxes. To address this problem, (Kovačić et al., 2012) used the extended MRP theory 

to develop a mathematical model that provided a tool to evaluate the profitability of the entire supply chain and 

to establish the long-term economic and environmental sustainability of the company. 

 

     Considering the definition of the strategies used in the MRP to ensure the availability of raw materials, it is 

also important to properly program the use of resources for the transformation process of raw materials and 

comply certain requirements such as release dates of production orders, delivery dates of production orders, 

among others.  

     The importance of scheduling in the food industry lies in the reduction of expired inventory levels, waste 

levels, and allows maximizing production capacity. (Simeonov & Simeonovoá, 2002) reported a coffee 

producer that has bottlenecks in one of its processes. To reduce these bottlenecks, the factory developed a 

simulation software with an optimization module to identify the fluctuation of the demand, allowing this to be 

reflected in the production orders. Thanks to this simulation tool and the Gantt diagrams provided by the 

program, it was possible to find the optimal weekly scheduling of all machines and equipment in the production 

system, thus reducing bottlenecks. Scheduling solution approaches can contain multiple variations from general 

models, nowadays with the increment in volumes in production lines, many variations have been implemented 

such as lot splitting methodologies or better known as lot streaming. Lot streaming is a methodology that 

incorporates sub-lots, to reduce the time a lot spends in production; it takes advantage from high volumes and 

multiple references with similar processes. 



     This work seeks to propose a tool capable of integrating the MRP and Scheduling decisions in a local 

company named Pasta Deli, which belongs to the food sector, producing puff pastry dough to make 

“empanadas”. It has 10 types of references, which are obtained through the production process shown in Figure 

1. The production process can be classified as a Flexible Flow Shop, because it has 7 stations and some of these 

stations have more than one identical machine and all the stations are meant to be completed in a specific order. 

Pasta Deli has a daily production between 3000 to 4500 packages, in which finished product expires after 3 

months. The finished product demand is sometimes equal or greater than the production level, therefore the 

company follows a make to stock production dynamic.  

 

Figure 1: Product Flow Diagram 

     Currently production orders at Pasta Deli are determined every day and depends on two factors: the amount 

of available finished product in inventory and the number of orders placed the day before. Also, production is 

scheduled to meet inventory requirements, considering inventory turnover. A particular feature of Pasta Deli 

production process is that, for the first 4 stages, there is only pastry dough coming through, and different types 

of products are only created by the cutting stage (laying stage), depending on the desired diameter, therefore, 

product references are distinguished by their diameter only. Last, for the cutting process, multiple disc diameters 

can be cut at the same time, mixing the references in one batch.       

     There are variables where the parameters do not remain constant, Demand is one of them, its uncertainty is 

high because we do not know if the same quantity will always be present and there are many factors that affect 

it, such as the customer behavior, that is, the sale is directed to a business to business (B2B) mainly. This type 

of customer orders in large quantities for weekends, and throughout the week orders more than 3 times, in order 

to stock up during holidays this type of customer orders more than usual or may not order at all. On the other 

hand, business to customer (B2C) are clients who order at a lower frequency, usually once a week, and tend to 

order high quantities for holidays. On the other hand, there is an effect on those orders that are not fulfilled due 

to shortages, this causes regular customers to stop ordering with the same frequency they have been ordering 

because they prefer to use the competitor's product, the time it takes for a customer to reorder after a shortage 

can be between 3 weeks to 12 weeks. Finally, another factor that prevents demand from being known with 

certainty is the effect of prices, discounts and customer longevity, as all these variables decrease or increase the 

individual cost per package. Moreover, the lead times for plastic supply is also uncertain because the supplier 

has often had difficulties with the material and cannot deliver it on the requested date. Currently, the policy 

used to decide the company's supply falls on a single person who, due to his experience and the average number 

of orders from previous weeks, requests the material needed. Almost all the materials are ordered weekly and 

arrive the following day; although certain raw materials, such as plastic and colorant, are ordered once a month. 

Unfortunately, currently the company does not have performance indicators to evaluate the impact of their 

planning decisions on the production chain.  

     Based on the aforementioned case study, this project intends to (i) implement a method to stablish the master 

production schedule (MPS) for each product reference that cushions the effect of demand uncertainty; (ii) 

schedule the production of the lot sizes stablished in the MPS in the available resources; (iii) stablish the lot 

sizes of raw materials (MRP) that should be supplied in order to fulfill the master schedule considering 

uncertainty in the supply lead times. The definition of the MPS and the MRP will be done with the purpose of 



minimizing the total cost, which should include inventory costs, fixed costs, among others to be determined. 

Additionally, the scheduling phase, aims to find a schedule that allows an efficient utilization of the available 

resources to fulfills the delivery dates stablished by the MPS. The proposed approach, as it covers different 

production planning and scheduling phases should provide a useful decision-making tool for any company of 

the food industry that presents similar features to the ones introduced in the case of study. Particularly, with the 

proposed solution, Pasta Deli should be able to improve its current production costs and attain a more efficient 

utilization of its resources, also increasing demand fulfilment levels. 

2. Literature Review 

     As mentioned above, different approaches are researched to address this particular production system. 

Therefore, initially in the literature review, some tools for predicting demand behavior, in particular forecast 

modeling, are presented. Subsequently, Material Requirements Planning (MRP), Hybrid Flow Shop scheduling 

(HFSS) and Lot Steaming, respectively, are discussed in depth. Followed, some examples in which the 

integrated MRP-Scheduling problems are handled jointly are reported. Some examples presented herein 

correspond to realistic study cases, where some of them are related to the food industry. 

2.1 Forecast modeling 

     Forecasts models are important tools to predict the behavior of the demand; with those predictions' 

companies have more information to make better decisions; therefore, inaccurate demand forecast, can turn into 

instability in a production system, leading to an increase in materials, holding and backorders costs (Brüggen 

et al., 2021). 

     Periodic demand forecasts are the primary planning and coordination mechanism within organizations for 

analyzing demand behavior of any product. For instance, Gharabaghi et al., 2019) implemented a forecast model 

to analyze and predict daily water demand, to apply effective measures to manage water use. In order to obtain 

more accurate forecasts, authors proposed a nonlinear stochastic time series model. Other usual approaches in 

forecasting are artificial neural networks (ANN) which have been successfully used for time series forecasting 

(Cetinkaya & Erdal, 2019). 

     Furthermore, studies about demand of rice production in India where focused on knowing the future behavior 

in national consumption and exportations as they had been increasing through the years, focusing on precise 

forecasts as they represented a major role in optimal decision within the agricultural sector, to develop an 

appropriate model for rice production an auto regressive integrated moving average (ARIMA) methodology 

was implemented. Taking advantage of non-stationary behavior on rice demand and 60 years of data based on 

rice consumption (Mahajan et al., 2020). 

     Nowadays there are new methodologies called hybrid forecasting, where one of its branches uses 

applications from machine learning to develop data driven solutions, implementing long short-term memory 

(LSTM) with random forests (RF). These methods proved great value as they can accurately forecast complex 

demand patterns exceeding in certain cases the performance of neural networks and multiple regressions (Punia 

et al., 2020). 

     Multiple investigations used LSTM as a base for forecasting (Praveen Kumar & Hariharan, 2020) (Zainudin 

et al., n.d.) (Rohith et al., 2021) (B. Zhang et al., 2021a), but the work based on the comparisons made by 

(Ogunjuyigbe et al., 2021) stand out, the forecasts were made by three different methods, Multiple linear 

regression (MLR), which focuses on the relationships between several independent variables and a dependent 

variable, Seasonal Auto Regressive Integrated Moving Average (SARIMA), a time series method that 

implements a ARIMA with seasonal variations and finally Long Short-term Memory (LSTM) using machine 

learning algorithms, where not similar and the LSTM had the best model performance out of the three. 

2.2 Material Requirement Planning (MRP) 

     MRP allows to translate the production needs of finished products into net purchase needs of each component 

of that product to program the use of resources in the company (Arango et al., 2012). 



     According to the literature, for a concentrated manufacturing company, it was required to find MRP, to know 

at what percentage to fill the hoppers and elevators. Its objective function was to minimize setup costs and 

stockholding costs. At the end, it was concluded that leaving the scheduling of raw materials to chance leads to 

higher costs, due to the operational inefficiency that this entails (Rojas Trejos et al., 2017). 

     A document was found where MRP was implemented in an electrical transformer company; it was modeled 

in 2 ways, the first one as a deterministic model, and the second one considering some parameters as stochastics. 

The objective function was to minimize costs (Cano et al., 2021). The study showed that although good results 

were obtained, the best results were obtained from the stochastic model. It also occurs in other study where 4 

programming models for MRP systems were proposed, considering as stochastic parameters such as availability 

of manufacturing capacity, inventory availability, and delivery times, and one with the 3 parameters, in an 

industry of the electrical sector. When analyzing the results, the model with the 3 parameters with uncertainty 

generates better results than the deterministic model or the ones with only one stochastic parameter (Arango et 

al., 2012). Therefore, it is evident that involving uncertain parameters provides better results. To solve both 

models, a software package called GAMS, which applies the CPLEX solver, was used. 

     There are other heuristics that authors made, improving some aspects in the MRP problem, such as (Gyenge 

et al., 2021) that suggest an algorithm that could be simple, flexible, visual and manual (have not yet tested the 

results in a software, only manually) considering restrictions for the decision maker to have more decision-

making freedom and considers one problem: the “modelling paradox “, because when trying to optimize, 

scenarios made are far from reality, because the more realistic that a model is, the less it can be optimized . 

Another one proposes a new MIP (mixed integer programming) based heuristic, named Capacity Allocator and 

Scheduler so they could solve lot sizing and scheduling problems (Öztürk & Örnek, 2012). 

     On other document, authors made an integrated heuristic method for capacitated lot sizing in multi-stage 

multi-machine production system with capacity extension under a deterministic demand in a finite planning 

horizon. They integrated the Wagner-Whitin and Lot for Lot, so they could have the lot sizing rule for the 

product (with WW), and the dependent components in lower stages (with LFL). The computational results 

showed that the variation of planning parameters as capacity level of machines or costs, affect significatively 

the overall performance of the rescheduling mechanism (Rong et al., 2006a). 

     To generate mathematical models and heuristics, parameters such as capacities, demands, initial inventories, 

processing times, and decision variables such as production of product i at time t are always considered. A FO 

must be adapted according to what is to be minimized or maximized and consider restrictions such as capacities 

or minimum product production. (Hastings et al., 1982). In addition, it should be considered that companies 

working under the MTS model will have inventories because of the production plan, based on the estimated 

demand (Amaranti et al., 2020). 

2.3 Hybrid Flow Shop Scheduling (HFSS) 

     The HFSS is a common type of manufacturing environment, where n jobs are processed in a proper 

unidirectional sequence of m stations, seeking the optimization of a given objective function (Ruiz & Vázquez-

Rodríguez, 2010). The main indicators for improvement are usually the makespan and the mean flow time, so 

there are different solution methods. 

     Based on the above, one of the methods used in this type of problems are exact algorithms which are 

characterized by ensuring convergence to an optimal solution; the most common method is B&B (branch and 

bound). However, we have focused our research on metaheuristics, since this strategy is frequently used in 

high-level problems called NP hard. Nevertheless, heuristics such as NEH (nawaz-enscore-ham), along with 

dispatching rules such as FIFO (first in first out), LIFO (last in first out), SPT (shortest processing time), and 

LPT (longer processing time first) must be considered. 

     A case of a study related to the minimization of makespan, is in a furniture manufacturing company reported 

by Marichelvam, Prabaharan and Yang. The authors proposed the improved cuckoo search algorithm (ICS) and 

compared it with other models such as: genetic algorithm (GA), SA, ant colony optimization algorithm (ACO), 



particle swarm optimization algorithm (PSO), CS and NEH, in order to find the most efficient sequence. 

(Marichelvam et al., 2014). On the other hand, to improve the mean flow time indicator Marichelvam, 

Prabaharan used the Bat algorithm (BA) proposed by Yang X et al. (2010), which through a method of 

comparison and a pseudo code, the authors managed to demonstrate that this metaheuristic improved the 

indicator by up to 20% (Marichelvam M & Prabaharan T, 2012). 

     However, some models mentioned above are still especially useful to minimize the makespan such as the 

genetic algorithm (GA). Some examples are (Pezzella et al., 2008) and (Gonçalves et al., 2005), but the one 

that caught our attention the most was a case of application in a hybrid flow shop scheduling with multiprocessor 

task (HFSSMT) that was proposed by Engin, Ceran and Yilmaz. In this inform, through a comparison with the 

studies of O’guz, O'guz and Ercan and Kahraman related del HFSMT, managed to show that the efficient GA 

found the lower bound of the makespan of 58 of the 240 cases and gave the best solution for 48.3% of the 

problems. Therefore, they concluded that the effectiveness of the GA is highly dependent on the selection of 

the control parameters (Engin et al., 2011).  

     Another method to consider is the Ant Colony Optimization Algorithm (ACO), a few cases in point are 

(Rajendran & Ziegler, 2004), (Riahi & Kazemi, 2018) and (Ahmadizar, 2012), however, the main was 

(Alaykýran et al., 2007) which showed its relevance by solving 63 problems related to HFSS. To measure its 

efficiency, they made a comparison with the Branch and Bound (B&B) algorithm where at the end they 

concluded that the ant system is a method that converges to the optimal value in a shorter time. Nevertheless, 

for hard problems it is better to use the ACO algorithm since it managed to solve 67% of the problems while 

the B&B 61%. 

     Studies about HFSS in the food industry are few, therefore, we proceeded to search information related to 

scheduling. We found a case study that proposes scheduling in a food industry focused on make to stock (MTS) 

and make to order (MTO). In such case Soman, Van Donk and Gaalman designed a heuristic for short-term 

MTO-MTS batch scheduling based on the prioritization of products according to their expiration date and 

processing time. The results showed that this heuristic allowed them to improve the detailed scheduling method 

currently used by the company (Soman et al., 2007). 

2.4 Lot streaming  

     Traditional batch production calls for transferring a batch from one machine to the next one only when all 

items are done, but this methodology can be exacerbated by large batches, making items wait until the rest of 

the batch is completed. For large production batches a new model was created, known as lot streaming, which 

consisted of the overlapping of consecutive operations to accelerate the progress of work through a production 

facility, lot streaming focuses on minimizing the makespan, through splitting batches or creating sub-lots, 

varying lot sizes and using intermittent idling (Trietsch & Baker, 1993). 

     The main object of discussion in the lot streaming model is the decision of the appropriate number of sublots 

to be made and the scheduling of production tasks assigning the operations on sublots to each machine with the 

start and completion time of those activities. One approach to determine the best decision is using constraint 

programming (CP) that can tackle both scheduling and lot splitting decisions while being flexible and adaptable 

by letting new parameters and operational policies included (Novas, 2019). 

     The Variable Neighborhood Search (VNS) algorithm is also used as a tool to find the best size for sublots 

to reduce the production makespan and work-in-progress inventory; (Wang et al., 2021)(B. Zhang et al., 2021b), 

other examples, such as the proposed by (Sang & Duan, 2012) focuses on a different performance measure, the 

total flowtime, for an n-jobs- m-machines lot-streaming flow shop scheduling problem with equal size sublots, 

the approach proposed a discrete artificial bee colony (DABC) algorithm, initialized by a NEH algorithm 

improving the effectiveness of the model, resulting in an effective swapping between the best neighborhood 

solution. 

2.5 MRP-Scheduling approaches   

     It is well known that both MRP and Scheduling aim at different objectives that are not synchronized with 

each other, and therefore problems often arise on the production plant when both MRP and Scheduling are 



taken separately. MRP in general terms schedules the use of resources and raw materials in the company, 

considers only the bill of materials (BOM) and ignores capacity restrictions and operational sequences, and 

Scheduling basically maximizes production efficiency and reduces costs. For this reason, a production plan is 

unachievable when scheduling is done in the plant, therefore, it was decided to implement MRP and Scheduling 

simultaneously (Masuchun et al., 2009). 

     The main objective of this simultaneous linkage is to improve the optimization and control of production 

scheduling. A case study and implementation of the integration of MRP and scheduling is in the company 

Techspace Aero which focuses on the production of components for jet engines, therefore (Bourgeois et al., 

1993) implemented an ICIM (Interactive Cell Integrated Management) which is an efficient milestone capacity 

scheduling system that combines the maximum use of non-flexible bottleneck resources with the reduction of 

work in process and which has been developed to be implemented with any MRP-II system, which was a success 

in Techspace Aero.  

     On the other hand, (Masuchun et al., 2009) implements a strategy to plan and schedule at the same time 

using an APS (Advanced Planning and Scheduling) based on a linear programming model and thus not ignoring 

capacity constraints and operational sequences, with an objective function which was to minimize total 

inventory costs and order tardiness. Another example as proposed by (Shafiee-Gol et al., 2021) focuses on a 

different implementation, presenting a MINLP (Mixed-Integer Nonlinear Programming) model that integrates 

part scheduling, MRP, production planning (PP) and transportation planning (TP) decisions for the design of a 

cellular manufacturing system (CMS) under a dynamic environment, where they use the CPLEX solver to 

demonstrate the distinctive capabilities of the model.  

     Finally, (Hastings et al., 1982) presents a technique ("Schedule Based M.R.P.") that mainly has the approach 

of integrating production scheduling and MRP, this technique simultaneously calculates a feasible production 

schedule and the corresponding material requirements plan, incorporating all this process in a computer 

program. The results obtained from this technique indicate that the new procedure overcomes the main 

infeasibility difficulties that arise in lead-time MRP. 

     The problems related to MRP and scheduling have been widely studied and applied separately over time, 

however, currently there are not many papers that address the problems of production scheduling in an 

integrated manner. In addition to this, the methodologies applied in a food industry are few, so it is necessary 

to implement one that allows the improvement and optimization of the mentioned problem. 

3. Objectives 

  The general objective is to design a tool capable of integrating the supply and scheduling problem in a food 

product company, considering uncertainty in demand and lead times, evaluating indicators such as total cost 

and makespan. 

• Design and implement methodologies for the forecasting of the different product references. 

• Design and implement independent mathematical models for the deterministic versions of scheduling 

and the MRP problem. 

• Design and implement solution strategies for the independent deterministic versions of the scheduling 

and the MRP problems. 

• Design and implement an integrated version for the proposed scheduling and MRP strategies to 

minimize production costs and maximize demand fulfillment.   

• Evaluate the performance of the proposed approaches through simulation analyzing production costs 

and demand fulfillment. 

4. Methodology 

    Planning the operation of a production system is a strategy that all companies should use. To achieve this, 

each factor that affects the correct development of the business activity must be analyzed. Currently, the 



company does not have a defined tool to plan operations in advance, nor does it have methods to make 

productivity efficient. The proposal reported in this project aims to lay the foundations of a methodology based 

on an analytical process to improve the development of the daily activities of the company, aiming for reducing 

the risk of shortages, and inefficiencies in the production plant. 

For the correct execution of daily tasks, all raw materials must arrive in advance, this supply process is one 

of the main tasks of the company, therefore, methodologies were developed to address this problem and provide 

a logical solution to have all materials ready for production. Another vital process is the execution of the 

activities that transform raw materials into the final product, considering time efficiency and resource 

optimization. In order to reduce costs and increase the productivity of the company, optimization methods were 

developed in order to improve the company’s production planning and execution. Although both problems can 

be solved separately, it is expected that there will be a greater benefit in solving both problems together. The 

added value that is expected to be found is an adequate communication that allows preventing difficulties that 

a single method does not show, such as low production capacity, the use of safety stocks and the optimization 

of resources. Thus, the proposed integrated methodology is the union of the tools that solve MRP (Material 

Requirement), and scheduling problems as depicted in figure 2. 

 

      

Figure 2: Flow chart of the integrated methodology 

    The proposed integrated methodology shown in figure 2 starts with the forecasting model, which generates 

the daily demand; then this demand is passed to the MPS, proposing the initial daily production. The daily 

production must be introduced into the Scheduling methodology, which adjusts the daily production to the 

manufacturing capacities and maximizes the raw material use. Then, the adjustments enter the MRP 

methodology, to know the quantities of raw material to be ordered. Finally, the daily production, the quantities 

of raw material needed, and the total costs are obtained, closing the process. 

     In order to plan ahead of time, it is necessary to know the expected demand for the following week through 

forecasts. For this purpose, a forecasting model was developed that considers the behavior of demand over time. 

First, data was collected on the company's sales history, this data was in units of packages for each product 

reference; so, to generate the analysis of demand behavior, the packages were transformed into kilograms to 

maintain the same unit of measurement. According to demand behavior, the Moving Average (MA), 

Exponential Smoothing (ES) and Exponential Smoothing (HOLT) methods were implemented to generate 

forecasts. To find the parameters of each methodology, the Python libraries Panda and Statsmodel were used. 



To choose the best methodology among those three, the error generated, period to period, was compared by 

means of the Mean Percentage Error (MAPE). Since the forecasts generated are reported in kilograms, in 

addition to generating a forecasting model, a disaggregation model was also implemented to transform the 

kilograms into units of packages of each reference. The model uses a solver from Excel and seeks to find the 

factor for each reference that allows the conversion of a total number of kilograms to units of packages of each 

reference. 

     After obtaining the corresponding demand forecast, it is possible to generate the daily production plan (MPS) 

for the following week. Figure 3 shows the bill of materials (BOM) in the context of the case study considered 

in this research.  

 

Figure 3: Bill of Materials 

     The bill of material (BOM) is based on 3 levels, as can be seen in figure 3, where the first one is the packages 

(A), that is, the finished product already packaged; the second level consists of the puff pastry (B), packaging 

plastic (C) and the plastic separator (D). Finally, level 3 has all the raw material necessary for the production 

of the puff pastry, which are flour (B1), salt (B2), sugar (B3), butter (B4), puff pastry butter (B5), oil (B6), 

coloring (B7), 3 preservatives (B8,9,10) and water (B11). In this case, the MPS corresponds to production 

orders of packages of each reference (level 1). An initial estimation of the MPS is done using the standard 

approach in which daily quantities are defined with the goal a minimizing the total weekly cost, composed by: 

Fixed order costs, production costs and holding and backorder costs. Before continuing with the MRP related 

to levels 2 and 3, depicted in figure 3, it is mandatory to verify the feasibility of the execution of the initial 

MPS. Usually, the MPS is susceptible of unfeasibility since the production schedule is done assuming an 

estimated production lead time but doesn’t consider the impact of how production orders are scheduled with 

the available resources. Therefore, the proposed approach includes a novel feature in which the daily production 

plan can be corrected through a scheduling module which may update the production order quantities obtained 

with the initial master plan. Once the MPS is defined, the MRP process can be completed according to the BOM 

shown in figure 3. 

     The solution methods considered for obtaining the initial MPS, the corrected MPS, and the MRP are 

described as follows. 

Initial MPS and MRP procedures 

     With the purpose of obtaining a first insight for the MPS and MRP, a linear mathematical model was 

developed in order to find the order quantities to be scheduled during the planning horizon for each of the levels 

of the corresponding BOM. The proposed mathematical model was implemented in the software Gusek. For 

the mathematical model, a planning horizon of 12 days was taken, but the problem was carried out for 6 days, 

that is, one week, where in those 6 days the real demand of packages is supplied, and the objective is to minimize 

the total cost. This objective function is composed of the unit costs of packages, inputs and raw materials, the 

inventory costs, the cost of package shortages and the costs of ordering inputs and raw materials. For this 

formulation, 24 constraints were considered in order to have an optimal total cost. Basically, the objective of 

this mathematical model is to yield the optimal solution of the LOP (Scheduled Order Release that is the order 

expected to be placed at t- t. It would arrive at t (t = lead time)) for each of the 3 levels, to get an idea of how 

much raw material should be ordered weekly. (See Annex #1) 



     However, given the computational cost of running the mathematical model, two well-known heuristic 

procedures were implemented for obtaining the order quantities for each level of the BOM. The proposed 

solution approach was designed to be able to use the Batch by Batch and Silver Meal policies separately, to 

compare the effect of keeping low inventories, or ordering fewer times during the week. To compare the results 

of both policies, the total cost generated by both methodologies was compared with deterministic variables, 

maintaining a constant lead time and demand. The heuristic developed proposes a safety stock and a number of 

days in advance the raw material should be ordered, and then calculates the costs generated to achieve this 

production plan. This tool also compares the decision taken with other possible scenarios and shows the 

performance that the proposed solution can generate. The scenarios are generated from the Monte Carlo 

simulation methodology, where replicas of the weekly behavior of the demand must be generated first, and in 

addition, the behavior of the lead time of certain raw materials is also simulated. More, 2 policies were used in 

this simulation, one oriented to minimize inventory costs, which is the Lot for Lot, and the other to minimize 

ordering costs, which is the Silver Meal. Those two policies were used because the Lot for Lot is an easy policy 

to implement with great adaptability to any problem, and in general it gives good results, especially when the 

demand is constant. On the other hand, the Silver Meal was used since it is the policy that is most similar to the 

behavior of the case study, and we wanted to show whether it was more convenient to order less and keep more 

inventory. Figure 4 shows the sequence performed by the MRP simulation. 

 

Figure 4: Diagram of MRP simulation 



     Initially, the replicas are generated through the Monte Carlo simulation methodology, where subsequently, 

it is decided which policy is going to be used, Lot for Lot or Silver Meal. After this, each of the policies performs 

its respective procedure. It is observed that there is a lead time and a variable safety stock (SS), the lead time 

varies from 2 to 5 days and the SS increases from 0.1 to 0.1 times the deviation of the demand. Then, each 

policy performs its respective iterations which finally yields average total costs, and those are analyzed to 

choose which of the two policies has a better performance in the average total cost. 

MPS correction procedure 

     Although the MRP solution methodology proposes an initial production of packages, it is necessary to 

correct the decision to obtain better results and greater viability. This is mainly due to the fact that the 

methodology does not consider the production capacity of the plant, nor does it seek to optimize the available 

resource, in addition, the lead time to produce each order since it is released, depends on the sequence in which 

they are processed, since the production orders of the different references require the use of the same raw 

material, that is, if one of the raw materials does not arrive on time, the production of one day cannot be done. 

    As shown in the figure 2, the scheduling process follows the MPS. The scheduling starts by translating 

demand into jobs. In this context, a job is a puff pastry laying that is cut into discs. As mentioned before, a 

reference is a disc with a certain diameter. One single cut, of a certain diameter turns into one package of final 

product.  

    The mathematical model is built upon the maximum number of jobs (puff pastry layings) that can be 

processed in one day, which becomes the set T. Set R hosts all the different references. The model requires, for 

each day, the demand for each reference, the weight of one package of each reference, the total weight of one 

puff pastry laying (job) and the leftover puff pastry when one laying is cut only with one reference, or with two 

references, in any combination. Regarding this last parameter, the mean value of the leftover puff pastry was 

used when cutting two references to avoid having one value for each combination of two references, and given 

that such values are very similar. In terms of variables, the proposed MILP decides the number of cuts, of each 

diameter, to make in each puff pastry laying (𝑋𝑟,𝑡 ∀𝑡 ∈ 𝑇, 𝑟 ∈ 𝑅), trying to minimize the total leftover puff 

pastry (𝐷𝑡 ∀𝑡 ∈ 𝑇).The mathematical model was implemented on Python, as follows:  

Sets  

T 

R 

Set of jobs (puff pastry layings) 

Set of references  

Parameters  

𝐼𝑟  

𝐾𝐺𝑟  

𝐾𝐺𝑇 

𝑀𝑆𝑟  

 

𝑀𝑃 

 

𝑀 

Quantity of packages of reference 𝑟 ∈ 𝑅 (Demand) 

Weight (in kilograms) of one package of reference 𝑟 ∈ 𝑅 

Weight (in kilograms) of one puff pastry laying (one job) 

Leftover pastry (in kilograms) from one puff pastry laying (one job) when 

only cutting reference 𝑟 ∈ 𝑅 

Leftover pastry (in kilograms) from one puff pastry laying (one job) when 

cutting two references (in any combination) 

Large number 

Decision variables  

𝑋𝑟,𝑡 

 

𝐷𝑡  

 

 

𝐵𝑟,𝑡 

 

𝑆𝑡 

Number packages of reference  𝑟 ∈ 𝑅 to be cut on the puff pastry laying 

t ∈ 𝑇 (job). Integer variable 

Amount of leftover puff pastry (in kilograms) from the puff pastry laying 

t ∈ 𝑇 (job). Continuous variable 

   {
1 𝑖𝑓 𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝑟 ∈ 𝑅 𝑖𝑠 𝑐𝑢𝑡 𝑖𝑛 𝑡ℎ𝑒 𝑝𝑢𝑓𝑓 𝑝𝑎𝑠𝑡𝑟𝑦 𝑙𝑎𝑦𝑖𝑛𝑔 t ∈ 𝑇 

0 𝑜𝑡ℎ𝑒𝑟𝑤ℎ𝑖𝑠𝑒
 

{
1 𝑖𝑓 𝑡𝑤𝑜 𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒𝑠 𝑎𝑟𝑒 𝑐𝑢𝑡 𝑖𝑛 𝑡ℎ𝑒 𝑝𝑢𝑓𝑓 𝑝𝑎𝑠𝑡𝑟𝑦 𝑙𝑎𝑦𝑖𝑛𝑔 t ∈ 𝑇 

0 𝑖𝑓 𝑜𝑛𝑙𝑦 𝑜𝑛𝑒 𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝑖𝑠 𝑐𝑢𝑡 𝑖𝑛 𝑡ℎ𝑒 𝑝𝑢𝑓𝑓 𝑝𝑎𝑠𝑡𝑟𝑦 𝑙𝑎𝑦𝑖𝑛𝑔 t ∈ 𝑇 
 



Objective function  

Minimize Z:     ∑ 𝐷𝑡

𝑡∈𝑇

 

Model Constraints  

(1) 𝐾𝐺𝑇 − ∑ 𝑋𝑟,𝑡 ∗ 𝐾𝐺𝑟𝑟 ≤ 𝐷𝑡                     ∀ 𝑡 ∈ 𝑇  

(2) ∑ 𝑋𝑟,𝑡 ≤ 𝐼𝑟 ∗ 1.1𝑡∈𝑇                                  ∀𝑟 ∈ 𝑅 

(3) ∑ 𝑋𝑟,𝑡 ≥ 𝐼𝑟𝑡∈𝑇                                             ∀𝑟 ∈ 𝑅 

(4) ∑ 𝐵𝑟,𝑡 ≤ 2𝑟∈𝑅                                             ∀ 𝑡 ∈ 𝑇 

(5) 𝑋𝑟∈𝑅,𝑡∈𝑇 ≤ 𝑀 ∗ 𝐵𝑟,𝑡                                   ∀𝑡 ∈ 𝑇, 𝑟 ∈ 𝑅 

(6) ∑ 𝐵𝑟,𝑡 − 1 ≥ 𝑆𝑡𝑟∈𝑅                                    ∀ 𝑡 ∈ 𝑇 

(7)∑ 𝐵𝑟,𝑡 − 1 ≤ 𝑆𝑡𝑟∈𝑅                                     ∀ 𝑡 ∈ 𝑇 

(8) ∑ 𝑋𝑎,𝑡 ∗ 𝐾𝐺𝑎 ≤ 𝐾𝐺𝑇 − (1 − 𝑆𝑡) ∗ 𝑀𝑆𝑟 − 𝑆𝑡 ∗ 𝑀𝑃𝑎∈𝑅                       ∀𝑡 ∈ 𝑇, 𝑟 ∈ 𝑅 

(9) 𝐵𝑟∈𝑅,𝑡∈𝑇 ≤ 𝐼𝑟                                              ∀𝑡 ∈ 𝑇, 𝑟 ∈ 𝑅 

(10)  𝑋𝑟,𝑡 ≥ 0  ∀𝑡 ∈ 𝑇, 𝑟 ∈ 𝑅 ; 𝐷𝑡 ≥ 0  ∀𝑡 ∈ 𝑇; 𝐵𝑟,𝑡 = [0, 1]  ∀𝑡 ∈ 𝑇, 𝑟 ∈ 𝑅; 𝑆𝑡 = [0, 1]  ∀𝑡 ∈ 𝑇   

 

 

 

    Constraint (1) determines the quantity of leftover puff pastry for each laying (job) depending on how each 

laying is cut. Constraints (2) and (3) force the solution to fulfil the demand for each reference, but cutting no 

more than 10% over such demand value (this value was given by the company). Because of the cutting process 

restriction, no more than two references can be cut from one puff pastry laying, which is defined by constraint 

(4). Constraint (5) relates the binary decision variable with the integer variable in order to know which 

references are cut in each laying. Constraints (6) and (7) complement each other and establish the relationship 

between the two binary variables. If one puff pastry laying (job) produces packages of two refences, equation 

(6) allows 𝑆𝑡 to be 1, while equation (7) forces 𝑆𝑡 to be 1. Otherwise, if one puff pastry laying (job) produces 

packages of a single refence, equation (6) forces 𝑆𝑡 to be 0, while equation (7) allows 𝑆𝑡 to be 0. Equation (8) 

limits the quantity of each puff pastry laying that becomes into final products, considering two cases. If a puff 

pastry laying is cut only with one reference, the 𝑀𝑆𝑟  parameter is used to find the effective amount of puff 

pastry that becomes into final products. In turn, if a puff pastry laying is cut with two references, the MP 

parameter is used to find the effective amount of puff pastry that becomes into final products. The disjunctive 

variable 𝑆𝑡 is used to determine the case. Equation (9) guarantees that if there is no demand of a certain 

reference, then any puff pastry laying will be cut with such disc diameter. Last, equations (10) guarantee the 

nature of each variable.  

     To understand the Scheduling, it should be clarified that the model was applied to a Flexible Flow Shop, 

with 5 stages, of which stage 1 and 2 has 2 parallel machines that work at same time; and the stage 4, that has 

3 parallel machines working. The mathematical model for Scheduling was implemented in Python, using the 

PuLP library. This model was based on a thesis by (Botero, Gelvez & Rodas, 2021). The following sets, 

parameters, decision variables, objective function and constraints were set: 

Sets  

J 

S 

Jobs 

Stages 

Sub-Set  

𝐼𝑆 Machines at stage 𝑠 ∈ 𝑆 

Parameter

s 

 

𝑃𝑠 

𝑅 

𝐷 

𝑀 

Process times at stage 𝑠 ∈ 𝑆 in minutes. 

Release time  

Due date  

Very large number 

Decision 

variables 

 



𝑋𝑗,𝑘,𝑠 

 

𝑌𝑖,𝑗,𝑠 

 

𝑇𝑗 

𝐶𝑗,𝑠 

𝑈𝑗,𝑠 

 

{
1 if the job j ∈ J processed after job k ∈  J in stage s ∈  S 

0 𝑜𝑡ℎ𝑒𝑟𝑤ℎ𝑖𝑠𝑒
 

{
1 if the job j ∈ J is processing at the stage s ∈  S in the machine i ∈  𝐼𝑠 

0 𝑜𝑡ℎ𝑒𝑟𝑤ℎ𝑖𝑠𝑒
 

 

Continuous variable of the tardiness of the job j ∈ J. 

Continuous variable of the completion time of the job j ∈ J in the stage s ∈ S. 

Continuous variable of the starting time of the job j ∈J in the stage s ∈ S. 

Objective 

function 

 

(1)     

Minimize 

Z: T 

 

Model 

Constraint

s 

 

(2) ∑ 𝑌𝑖,𝑗,𝑠𝑖∈𝐼𝑆
= 1 ∀𝑗∈𝐽,𝑠∈𝑆  

(3) 𝐶𝑗,𝑠 ≥ 𝑃𝑠 + 𝑅 ∀𝑗∈𝐽,𝑠∈𝑆|𝑠=1 

(4) 𝐶𝑗,𝑠 ≥ 𝐶𝑗,𝑠−1 + 𝑃𝑠 ∀𝑗∈𝐽,𝑠∈𝑆|𝑆>1 

(5) 𝐶𝑗,𝑠 ≥ 𝐶𝑘,𝑠 + 𝑃𝑠 − 𝑀 ∗ (3 − 𝑋𝑗,𝑘,𝑠 − 𝑌𝑖,𝑗,𝑠 − 𝑌𝑖,𝑘,𝑠) ∀𝑠∈𝑆,𝑖∈𝐼𝑠,𝑗∈𝐽,(𝑗≠𝑘)∈𝐽 

(6) 𝐶𝑘,𝑠 ≥ 𝐶𝑗,𝑠 + 𝑃𝑠 − 𝑀 ∗ 𝑋𝑗,𝑘,𝑠 − 𝑀 ∗ (2 − 𝑌𝑖,𝑗,𝑠 − 𝑌𝑖,𝑘,𝑠) ∀𝑠∈𝑆,𝑖∈𝐼𝑠,𝑗∈𝐽,(𝑗≠𝑘)∈𝐽 

(7) 𝑇𝑗 ≥ 𝐶𝑗,𝑠 − 𝐷 ∀𝑗∈𝐽,𝑠∈𝑆|𝑠=5 

(8) 𝑈𝑗,𝑠 ≥ 𝐶𝑗,𝑠 − 𝑃𝑠  ∀𝑗∈𝐽,𝑠∈𝑆|𝑠=1 

(9) 𝑈𝑗.𝑠 ≥ 𝐶𝑗,𝑠−1 ∀𝑗∈𝐽,𝑠∈𝑆|𝑆>1 

(10)  𝑋𝑗,𝑘,𝑠 = [0, 1]  ∀𝑗 ∈ 𝐽, 𝑘 ∈ 𝐾, 𝑠 ∈ 𝑆 ; 𝑌𝑖,𝑗,𝑠 = [0, 1]  ∀𝑖 ∈ 𝐼, 𝑗 ∈ 𝐽, 𝑠 ∈ 𝑆; 𝑇𝑗 ≥ 0  ∀𝑗 ∈

𝐽; 𝐶𝑗,𝑠 ≥ 0  ∀𝑗 ∈ 𝐽, 𝑠 ∈ 𝑆; 𝑈𝑗,𝑠 ≥ 0  ∀𝑗 ∈ 𝐽, 𝑠 ∈ 𝑆 

 

 

 

     The objective function (1) of the model seeks to minimize the total tardiness of the jobs throughout the day. 

Constraint (2) make sure that every job goes through only one machine at every stage. Constraint (3) is used to 

ensure that the completion time of each job at stage one is equal to the time it takes to release the job plus its 

process time . Constraint (4) requires that the completion time of the job at the other stages must be greater than 

or equal to the completion time of the job at the previous stage and its processing time at that station. Constraint 

(5) and (6) determine the completion time for each job at each stage regarding the completion time of jobs that 

have been previously processed at the same machine. Equation (7) determines the tardiness of each job at each 

stage. Last, equations (8) and (9) determines the starting time of each job at each stage.  
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Graph 1: Computational Cost 

     This model has a very high computational cost, since when running the program, the time it takes to find the 

solution is very long, 3,5018E+55 seg (4,05 days), which is not optimal for the problem since there are many 

Jobs. Therefore, a heuristic is required, which is presented hereinafter. The heuristic strategy was designed to 

optimize the maximum fulfillment ratio for each product reference in order to meet the number of packages per 

day. This strategy is based on the information of the optimal number of jobs to be done in the day and the 

defined maximum number of jobs that can be done in the day given the time availability. This strategy was 

implemented in Python using the PuLP library, which allows solving linear programming problems 

     The random local search heuristic was selected for the strategic solution of the scheduling. This algorithm, 

also known as stochastic local search (SLS), starts its search with a random initial candidate solution and 

proceeds to iteratively move to random candidate solutions. The SLS is one of the most successful and widely 

used approaches to solve difficult combinatorial problems (Hoos Holger H. & Stützle Thomas, 2005).  In some 

cases, and depending on the demand of packages per day, the lot sizing program may establish more jobs which 

cannot be processed given the capacity of the plant, so it is necessary to schedule them. In order not to always 

penalize the same missing references and to meet the demand as much as possible, this algorithm was used. 

The algorithm has a stop criterion which is the number of iterations established, this helps the program to 

evaluate the objective function of each iteration and store the highest value and the path that provided the 

maximization of the demand fulfillment ratio. 

Random Local Search 

Begin 

Function receives a random initial order  

X = 0 

While x < iterations 

     A new order is randomly assigned 

     Calculate the objective function (f) 

     If 𝑓𝑥 > 𝑓𝑥−1: 

          Save the new order 

     x += 1 

End 
Pseudocode 1: RLS pseudocode 

     To calculate the objective function of the randomly generated job sequence with the SLS, a mixed integer 

linear programming model was designed, aiming to maximizing the minimum compliance ratio of the existing 

cut references. The sets, parameters, variables, and constraints of the proposed MILP model will be presented 

below: 

Sets  

R References  

Parameters  

𝐼𝑟  

𝐶𝑟 

Package demand by reference r∈R 

Number of packages made of reference r∈R 

Decision variables  

X Compliance ratio 

Objective function  

(1)     Maximize Z: X  

Model Constraints  

(2)     𝐶𝑟 𝐼𝑟⁄ ≥  𝑋     ∀𝑟∈𝑅 

(3)      𝑋 ≥ 0 

 

 

 



     The constraint (2) seeks the minimum compliance ratio for each of the references according to the number 

of packages made during the day and the demand of packages. Once this value is obtained, what is done with 

the objective function (1) is to maximize this value, thus ensuring that the minimum compliance ratio is as high 

as possible. 

     After correcting the production plan, the new plan is received and the MRP methodology is used again to 

find the total cost of the production plan by going through each of the levels that make up the final product.      

A diagram representing the use of the methodologies used is presented below. 

 

Figure 5: Detailed flow of methodologies  

     On the left side, it can be observed the supply problem solution methodology, as shown in Figure 2, the 

MRP methodology receives the production adjustments of packages from the scheduling methodology, to 

subsequently define the best lead time to generate the purchase orders of raw materials, then the safety stock is 

defined to reduce the effect of uncertainty of demand and finally the best order policy is applied to finally obtain 

the daily productions, the purchase orders of raw materials and total cost of a week's production. 

     On the right side, the scheduling methodology consists of feeding the lot sizing program with the daily 

demand, which determines the number of jobs to be made during the day. Then, it is analyzed if these jobs 

exceed or not the production capacity that the company currently has; if it is exceeded, the scheduling program 

selects the maximum possible jobs to be done with the purpose of maximize the proportion of demand 

fulfillment of each of the references to adjust and send the total number of packages to the MRP program. If 

the production capacity is not exceeded, the number of total packages taken by the lot sizing is sent to MRP. 



5. Results 

5.1. Forecasting model 

In order to design a tool capable of forecasting the daily demand for product packages, it was necessary to 

recognize first the behavior of the daily demand. So, 666 days of package sales were collected, and since there 

are different product references, packages were transformed into kilograms to handle the same measurement. 

 
Graph 2: Total sales graph   

     The demand showed a constant behavior with a slight tendency to grow over time, thus it is not possible to 

determine the existence of a repetitive cycle based on such data.   Three methodologies for demand forecasting 

were implemented: Moving Average (MA), Exponential Smoothing (ES) and Exponential Smoothing HOLT 

(HOLT). Those methodologies were chosen because they were the most accurate to use according to the 

observed behavior of the data collected, and the aim of doing so was to compare the performance of each 

methodology and choose the one that presented the best performance. The following table shows the parameters 

for each methodology and the resulting forecast metrics in terms of the Mean Percentage Error (MAPE).  

 

Methodology  Parameters  Result  

MA  Window: 60 days  MAPE: 23.77%  

ES  
Alfa: 0.11  
Initial data: 991.29  

MAPE: 24.67%  
   

HOLT  
Alfa: 0.26  
Beta: 0.25  
Initial data: 750.48  

MAPE: 27.56%  

Table 1: Parameters and error of each methodology 

 

Based on those results, the moving average method was chosen for demand forecasting. To further evaluate 

the effectiveness of the MA forecasts, a set of 6-day forecasts was generated and compare with 72 days of actual 

demand. The reported error was 3,681%, which offers an acceptable performance, thus fulfills the forecast 

requirements 



5.2. MRP 

5.2.1 Mathematical model for the MRP 

 

     As mentioned above, being a model with so many restrictions, the computational cost of running the model 

is very high, taking hours to yield the optimal solution, so it is not viable and feasible to wait so long to obtain 

a final solution. However, the mathematical model was run for a total of 6 hours, where the total optimal cost 

was 151,472,535 COP. 

 

5.2.2 MRP Methodology  

 

     The MRP methodology seeks to find the optimal order quantity, considering the variable lead time of certain 

inputs and the demand with stochastic behavior, we wanted to compare the effect of two policies, one oriented 

to minimize inventory costs and other ordering costs. With the help of the simulation, it was possible to 

demonstrate through the replicas of weeks with different demands and lead times, the effect of planning the 

purchase with different time ranges and changing the proportion of the safety stock as shown in the following 

graphs. 

 

     As can be seen in the graph 3 the policy that manages to give the best average cost is batch to batch, and as 

can be seen, there is not a big difference between the two costs. At the beginning it was speculated that the 

Silver Meal methodology was going to achieve better results since the cost of ordering raw material is much 

higher than the cost of maintaining inventory, but the speculation did not coincide with the results, since this is 

due to the fact that the planning time can be very short. It is therefore speculated that if there were more time 

in the planning horizon, silver meal's policy could be more effective. During the research, the time horizon was 

not increased because the company does not currently have sufficient resources to plan further in advance of 

what was studied. 

 

 

Graph 3: Lead time effect 

On the other hand, it can be observed that planning with a greater range of time, the acquisition of raw 

materials generates lower costs, as can be seen in the graph when a lead time of 5 days is used to plan the 

purchase, is when the lowest costs are generated regardless of the policy used 
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Graph 4: The effect of the Safety Stock in the simulation 

     During the analysis of the replicas, it was observed how keeping a certain amount of safety stock could 

increase or decrease costs. From the graph 4 it can be seen that keeping a safety stock reduces costs up to a 

certain point, after reaching the minimum, the average cost starts to increase. On the other hand, the stock also 

influences the dispersion between the average and the maximum cost reached. In short, maintaining a safety 

stock reduces costs because it allows to face the variability of demand and decreases the difference between the 

maximum and the average cost. In addition, it can also be concluded that planning the purchase of raw materials 

more days in advance reduces costs because it avoids the possibility of non-compliance on the part of the 

supplier. 

5.3. Scheduling 

5.3.1 Lot Sizing  

The Lot Sizing, as mentioned before, gives the number of packages to be made in the Jobs. Therefore, in 

order to know if it provides consistent results, these were compared with the previously predicted demand. 

Thus, the following percentage errors were obtained for each reference, taking the results for 1 week: 

 

Reference 
Average Percentage 

Error 

17 8,33% 

16 8,33% 

15 7,43% 

14 6,67% 

13 6,71% 

12 3,33% 

9,7 5,00% 

Normal 8,65% 

Especial 5,00% 

Table 2: Percentage error of each reference 

 

Analyzing the errors, it is evident that the Lote Sizing provides results very close to the demand, generating 

errors always below 10%, so it is efficient to make the most of the raw material, minimizing waste. However, 

it should be complemented with the Scheduling to consider other aspects such as production capacity. 
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5.3.2 Scheduling 

     Through modeling with FlexSim software (see annex #2), the company's current production process was 

designed for the purpose of validation and understanding. Its main objective was to find the maximum number 

of jobs that can be done in a day given the time availability and the processing times of each stage. The data of 

these times were collected for each of the company's stages to determine the distributions they followed and to 

identify how close the model was to reality. Once the distributions were established, the program was run with 

real data on the number of jobs that were done on the day and the start time. Using the software tools, several 

replicates were run for the same day to find the end times and confidence intervals. The results obtained were 

percentage errors between a range of 7% and 4%, so an average percentage error of 5% was established. 

 

     Having clear that the working minutes are 480 and the average percentage error of the implemented 

simulation is 5%, the following was to identify the maximum number of jobs that can be done in a day, 

considering these two restrictions. Several replicates were run, obtaining as a result, according to the confidence 

intervals, that the maximum number of possible jobs to be done in a day is 141. 

 

Figure 6: Confidence intervals for the 141 jobs 

 

     As for the SLS heuristic, to test its effectiveness, it was decided to run scenarios without this methodology 

and then with it to see how much the minimum demand fulfillment ratio changed during the day. 

 Day 1 Day 2 Day 3 Day 4 Day 5 

Without SLS 0.85 0.90 0.89 0.90 0.89 

With SLS 0.88 0.93 0.97 0.93 0.98 
Table 3: Percentage error results with and without SLS methodology 

     Given the results, we see that indeed the SLS methodology allows us to increase the number of packages 

to be made in the day and on average is improving the solution by 5%. It was analyzed that when there is a 

higher percentage of improvement, it is because the number of jobs is not much higher than 141, on the other 

hand, when there is a low improvement is because there are much more than 141 jobs. 

5.4. Integrated Methodology 

     To validate the effectiveness of the integrated methodology, it was decided to compare 30 days of production 

and see the number of packages planned, shortages and savings generated by each of the methodologies, and 

the integrated methodology to demonstrate the impact of the collaborative work between MRP and scheduling, 

as shown below: 

 5.4.1 Production results 

     Each planning model decides to carry out a production plan, according to each day's forecasts. The daily 

quantities to be produced by each model are plotted below. 



 

Graph 5: Daily production plan 

     Broadly speaking, the production behavior for the three methodologies behaves similarly. It can be 

understood that the methodologies arrive at the same production strategy. The lowest peaks that are evidenced 

correspond to the production on Saturdays, where the working time is lower than on the other days of the week. 

The daily production planned by the MPS is generally bigger than the other planning models, however, this 

model does not consider the capacity to achieve this production. Instead, the scheduling model and the 

integrated model generate an adjustment, calculating the daily productions based on the maximum capacity and 

the optimization of the available resource. The adjustments may result in an increase or a decrease in the daily 

production. This can be seen in the graphic when the scheduling or integrated model are above the MPS 

planning or when both models are below the MPS planning. 

     On the other hand, the weekly production graph was made, where it can also be observed that the three 

methodologies have the same trend, which is presented below: 

 

Graph 6: Weekly production plan 

 5.4.2 Shortage results 

    The daily production plans are compared with the actual demand of the forecast period. This comparison 

shows the shortage for each period, as shown in the following graph: 
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Graph 7: Daily product shortage 

     It is observed that the integrated model generates fewer daily shortages than the other planning methods, 

however, weekly generated shortages were evaluated to analyze in detail the performance of the models and 

provide more clarity than daily shortages. 

 

Graph 8: Weekly product shortage 

     It can be seen more clearly in Graph 8, that the integrated model does indeed generate less shortages, but 

although there is an evident decrease in these shortages, there are still existing shortages. This continue to occur 

because production capacity limits planning and no more packages are generated; in this case, the only solution 

is to increase production capacity to continue eliminating shortages. 

 5.4.3 Savings results 

     Savings are calculated by the difference in the shortage cost between the scheduling planning models and 

the integrated model and between the MPS planning and the integrated model. The following graph shows the 

results.  
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Graph 9: Daily savings 

     As can be seen in Graph 9, there are savings generated by using the integrated model. This demonstrates an 

economic advantage of using this model. When using the integrated model instead of the MPS planning in 

average $4.036.000 is saved, also when using the integrated model instead of the Scheduling planning in 

average $1.947.000 is saved. If the results of the savings are detailed there are two moments where it is 

expensive to implement the integrated methodology (see Graph 9 points 1 and 26), this happened because there 

was a contradiction between the lot sizing and the SLS heuristic, where the heuristic did not find the best route 

that maximized the fulfillment of the jobs, therefore, the production at that instant was drastically reduced. For 

visual ease, graphs were made by weeks to understand the results. 

 

Graph 10: Weekly savings 

 

 5.5 Statistical tests and comparison with the company. 

 

     In order to truly prove that there is a difference between the three planning methodologies and additionally 

the planning that the company currently executes, a statistical test is used to determine if there are significant 

differences between the methodologies. The planning the company currently executes consists of performing a 

fixed number of jobs to obtain a constant number of daily packages, the quantities to be considered consist of 

a 8-hour shift as the proposed methodologies work. Beyond only resorting to descriptive statistics, a statistical 
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test is performed to demonstrate that there is a statistical difference between the production averages and the 

daily shortages of the three proposed methodologies and the current company policy, taking into account the 

scalar variable daily production, the scalar variable daily shortages and the polytomous variable planning 

methodology, which is composed of Scheduling, MPS, the integrated methodology and the current 

methodology of the company. 

     First it must be corroborated from a Kolmogorov Smirnov test that the scalar variables follow a normal 

distribution, in order to define whether to use a parametric test or a non-parametric test, the null and alternate 

hypothesis are presented below. 

𝐻0 = 

 𝑇ℎ𝑒𝑟𝑒 𝑖𝑠 𝑛𝑜 𝑠𝑡𝑎𝑡𝑖𝑠𝑡𝑖𝑐𝑎𝑙𝑙𝑦 𝑠𝑖𝑔𝑛𝑖𝑓𝑖𝑐𝑎𝑛𝑡 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝑏𝑒𝑡𝑤𝑒𝑒𝑛 𝑡ℎ𝑒 𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛 𝑜𝑓 𝑡ℎ𝑒 𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛 𝑡𝑜 𝑤ℎ𝑖𝑐ℎ 𝑡ℎ𝑒 𝑠𝑎𝑚𝑝𝑙𝑒 𝑏𝑒𝑙𝑜𝑛𝑔𝑠 𝑎𝑛𝑑 𝑡ℎ𝑒 𝑁𝑜𝑟𝑚𝑎𝑙 𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛.  

𝐻1 = 

 𝑇ℎ𝑒𝑟𝑒 𝑖𝑠 𝑎 𝑠𝑡𝑎𝑡𝑖𝑠𝑡𝑖𝑐𝑎𝑙𝑙𝑦 𝑠𝑖𝑔𝑛𝑖𝑓𝑖𝑐𝑎𝑛𝑡 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝑏𝑒𝑡𝑤𝑒𝑒𝑛 𝑡ℎ𝑒 𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛 𝑜𝑓 𝑡ℎ𝑒 𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛 𝑡𝑜 𝑤ℎ𝑖𝑐ℎ 𝑡ℎ𝑒 𝑠𝑎𝑚𝑝𝑙𝑒 𝑏𝑒𝑙𝑜𝑛𝑔𝑠 𝑎𝑛𝑑 𝑡ℎ𝑒 𝑁𝑜𝑟𝑚𝑎𝑙 𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛.  

     The results of the test are shown in Table 4 below. 

One-Sample Kolmogorov-Smirnov Test 

 Production Shortages 

N 120 120 

Normal Parametersa,b Mean 5170,0167 566,7000 

Std. Deviation 978,89915 746,12825 

Most Extreme Differences Absolute ,175 ,236 

Positive ,175 ,236 

Negative -,165 -,224 

Test Statistic ,175 ,236 

Asymp. Sig. (2-tailed)c <,001 <,001 

Monte Carlo Sig. (2-tailed)d Sig. <,001 <,001 

99% Confidence Interval Lower Bound ,000 ,000 

Upper Bound ,000 ,000 

a. Test distribution is Normal. 

b. Calculated from data. 

c. Lilliefors Significance Correction. 

d. Lilliefors' method based on 10000 Monte Carlo samples with starting seed 2000000. 
Table 4: Kolmogorov-Sminorv test of the normal distribution 

    When analyzing the results of the Kolmogorov-Smirnov test from the bilateral significance we can reject the 

null hypothesis and conclude that statistically there are differences between the distribution of production and 

Shortages with the normal distribution, therefore, a non-parametric test should be raised to compare the 

averages. Therefore, the H of Kruskal-Wallis non-parametric statistical test for the comparison of averages is 

used. The following hypotheses are proposed. 

𝐻0 = 

  𝑇ℎ𝑒𝑟𝑒 𝑖𝑠 𝑛𝑜 𝑠𝑡𝑎𝑡𝑖𝑠𝑡𝑖𝑐𝑎𝑙𝑙𝑦 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝑏𝑒𝑡𝑤𝑒𝑒𝑛 𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛 𝑚𝑒𝑑𝑖𝑎𝑛𝑠 



𝐻1 = 

 𝑇ℎ𝑒𝑟𝑒 𝑖𝑠 𝑎 𝑠𝑡𝑎𝑡𝑖𝑠𝑡𝑖𝑐𝑎𝑙𝑙𝑦 𝑠𝑖𝑔𝑛𝑖𝑓𝑖𝑐𝑎𝑛𝑡 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝑏𝑒𝑡𝑤𝑒𝑒𝑛 𝑚𝑒𝑑𝑖𝑎𝑛𝑠 𝑜𝑓 𝑡ℎ𝑒 𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛  

     The results of the test are shown in Table 5 below. 

 

Test Statisticsa,b 

 Production Shortages 

Kruskal-Wallis H 49,307 21,658 

df 3 3 

Asymp. Sig. <,001 <,001 

a. Kruskal Wallis Test 

b. Grouping Variable: Methodology 
Table 5: Kruskal Wallis test  

 

     According to the results of the test, the significance is less than 0.05, therefore the null hypothesis is rejected, 

and it is concluded that there is a difference in the averages of the methodologies analyzed for both production 

and Shortages. Since the Kruskal-Walli’s test does not allow comparisons between averages, the graphs of the 

averages are used to determine which methodology has the different average. 

 

 
Graph 11: Average of production 



 
Graph 12: Average of Shortages 

 

     In graph 11 it can be observed that the average production plan among the three methodologies proposed in 

the study are very similar and their behavior cannot be differentiated, on the other hand, the company's current 

methodology plans to produce smaller quantities of units on average, therefore, we can affirm that the 

company's average is different from the other methodologies. In graph 12, it can be observed that the average 

shortages generated by the proposed methodologies are very similar, on the other hand, the company's current 

methodology is much higher compared to the other methodologies, which must be the reason why the null 

hypothesis is rejected. 

 

     On the other hand, it was decided to perform a Games-Howell test, to make a multiple comparison between 

the averages of the methodologies and confirm the statistical difference between each methodology. 

 
Table 6: Games-Howell test average comparison  



     As can be seen in the results of table 6 in the significance between the methodologies, it can be observed 

that between MRP, Scheduling and the integrated methodology there is no statistically significant difference to 

affirm that they are different, however, there is a statistically significant difference to affirm that there is a 

difference between the current methodology of the company and the three methodologies proposed.   

6. Limitations, conclusions and recommendations.  

During the development of the objectives, we found several limitations such as, for example, the work based 

in a company that works every day limited the availability of time that could be used to collect data. The data 

collection had to be as efficient as possible and under normal production conditions, many times those normal 

conditions were not possible which delayed the data collection. In addition, the machinery throughout the 

research has undergone improvements and some processes have also changed, which means that the results 

must be updated to the changes implemented, taking initial data again. This is mainly since the company is 

constantly developing and growing. 

 

Another limitation was the number of days that were available to use for the comparison between the 

methodologies, as a result of that it was not possible to perform parametric tests, as there were not sufficient 

data to have a normal distribution, adding that the tree methodologies were statistically similar, similarity may 

be produced by the insufficient quantity of data, the data recollected may not represent every possible 

occurrence. 

 

Forecasts are a tool that is undoubtedly vital to be able to generate plans, forecasts are a window into the 

possible future that will be faced, they allow us to foresee the future. The MRP and scheduling models are 

methodologies that separately provide a notion of how weeks and daily productions should be planned. With 

MRP and scheduling there is a major advantage if both methodologies can be communicated, because although 

they have different objectives, they can complement each other. The processes to be improved are interlinked 

processes and in daily work, procurement and production go hand in hand, without one the other cannot be 

carried out satisfactorily. By implementing a methodology that integrates everything developed we can see an 

economic benefit that aims to generate savings for the company on a weekly basis. 

 

     Despite not finding a statistically significant difference between the two initial planning methodologies and 

the integrated methodology, which in principle may be due to the fact that the integrated methodology itself is 

actually an adjustment between the two initial methodologies working together to arrive at a better solution, it 

can be seen from the cost results that the integrated methodology does indeed achieve a better result, if more 

data were available to make a comparison with more samples a larger effect could be seen with the proposed 

methodology. Likewise, the model presented turns out to be a tool that imposes rules for weekly supply 

planning, limiting the use of experience and applying specific methodologies to develop planning in an 

analytical way, considering the history of demand, generating forecasts and, in the same way, considering the 

capacity of the plant. It also proposes a sense for the most important process to produce the packages, indicating 

the order of jobs to be performed and the total amount of jobs to be performed daily. All these developments 

are intended to provide the basis for standardizing the process of raw material purchasing and package 

production. 

 

    Despite using the integrated methodology there are still shortages, what this shows us is that despite planning 

in advance there are still a lot that the production plant is still not able to do, so another big focus to develop 

should be the productivity within the workstations. 
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