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Abstract
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This study suggests combining Goal Programming, Multiple
Criteria Decision Making (MCDM), and Dynamic Decision-Making
to solve production planning difficulties. Production planning
entails balancing conflicting goals and dynamic circumstances when
allocating resources, scheduling production, and managing
inventory. The hybrid approach provides decision-makers with a
comprehensive and adaptive framework that balances conflicting
objectives, analyzes options using numerous criteria, and accounts
for the dynamic production environment. Goal Programming helps
solve the production planning challenge. MCDM methods like AHP
or TOPSIS analyze and rank various production plans based on
multiple factors. Dynamic Decision-Making methods like stochastic
programming or simulation optimization accommodate for
demand, supply, and other uncertainties in the production
environment. A numerical example shows how the hybrid approach
develops an optimal production plan by minimizing deviations
from desired targets. Decision-makers can evaluate objective
priorities and their effects on the solution by altering objective
weights in sensitivity analysis. The hybrid approach can handle
conflicting objectives, evaluate options using numerous criteria, and
adapt to a dynamic production environment, according to studies.
The suggested approach provides decision-makers with a
comprehensive framework for efficient and successful production
planning, adding to current information. Applying the hybrid
method to real-world case studies, addressing supply chain
dynamics and sustainability, and using Al and machine learning to
improve decision-making are future research objectives. Production
planning using Goal Programming, MCDM, and Dynamic Decision-
Making seems promising. It helps manufacturers optimize resource
allocation, customer happiness, and operational efficiency.
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Introduction

Efficient production planning plays a crucial role in ensuring the success and competitiveness of
manufacturing companies(Luthra et al.,, 2018)(Luthra et al., 2015). It involves making decisions
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related to resource allocation, production scheduling, inventory management, and meeting
customer demands(Monch et al., 2018)(Naliaka & Namusonge, 2015)(Jacobs et al., 2018). Production
planning problems are often complex, involving multiple conflicting objectives, numerous criteria
to consider, and uncertainties in the dynamic production environment(Nguyen et al., 2017)(Moons
et al., 2017)(Giret et al., 2015). To address these challenges, researchers have explored the integration
of various methodologies such as Goal Programming, Multiple Criteria Decision Making (MCDM),
and Dynamic Decision-Making to develop hybrid approaches that offer more effective
solutions(Mardani et al., 2015)(Kumar et al., 2017).

Goal Programming is a mathematical optimization technique that helps decision-makers
handle conflicting objectives. In the context of production planning, conflicting goals may include
maximizing production output, minimizing costs, reducing inventory levels, and meeting customer
demands(Giir & Eren, 2018)(Jia et al.,, 2020)(Trivedi & Singh, 2017)(Jayaraman et al., 2017). By
formulating the production planning problem as a goal programming problem, decision-makers can
prioritize these goals and determine the best compromise solution that minimizes the deviations
from achieving each objective(Broz et al., 2019)(Wang et al., 2021)(Gezen & Karaaslan, 2022)(Trivedi
& Singh, 2017)(Ledwith et al., 2021).

MCDM techniques are utilized to evaluate and rank alternative solutions based on multiple
criteria(Mufazzal & Muzakkir, 2018)(Petrovic et al., 2019)(Stevic¢ et al., 2020). In production planning,
decision-makers need to consider various criteria such as production capacity, resource utilization,
lead time, quality, and customer satisfaction(Achillas et al., 2015)(Mohammadi et al., 2020)(Gorane
& Kant, 2017). MCDM methods like Analytic Hierarchy Process (AHP), Technique for Order
Preference by Similarity to Ideal Solution (TOPSIS)(Yadav, 2021), or Weighted Sum Model (WSM)
can quantify these criteria and provide a ranking of feasible solutions. By incorporating MCDM
techniques into the production planning process, decision-makers can systematically assess the
trade-offs among different criteria and select the most desirable production plan(Gebre et al.,
2021)(Abanda et al., 2022).

Production planning is not a static problem but rather a dynamic process influenced by time-
varying factors and uncertainties(L. Zhang et al., 2021)(Du et al., 2015). Traditional approaches often
overlook the changing nature of the production environment and its impact on decision-
making(Briley et al., 2015). Dynamic decision-making considers the time dimension and incorporates
techniques like stochastic programming or simulation optimization to account for uncertainties in
demand, supply, and other relevant factors(Gholizadeh et al., 2020)(Weskamp et al., 2019)(Fattahi &
Govindan, 2022). By accounting for these dynamic factors, decision-makers can make more informed
and adaptive production planning decisions(Freebairn et al., 2018)(Y. Zhang et al., 2015).

The integration of Goal Programming, MCDM, and Dynamic Decision-Making in
production planning provides a comprehensive and robust framework for addressing the
complexities of real-world manufacturing systems(Zare et al., 2021)(Ozcan et al., 2017)(Tirkolaee et
al., 2021). The hybrid approach combines the strengths of each methodology to enhance decision-
making capabilities(Igoulalene et al., 2015). Goal Programming helps in handling conflicting
objectives, MCDM facilitates the evaluation and ranking of alternative solutions based on multiple
criteria, and Dynamic Decision-Making accounts for the dynamic and uncertain nature of the
production environment(Trivedi & Singh, 2017)(Yannis et al., 2020).

An Integrated Approach for Production Planning Using Goal Programming and MCDM by
Chen et al. (2018): This research proposed an integrated approach combining Goal Programming
and Multiple Criteria Decision Making (MCDM) for production planning. The study demonstrated
the effectiveness of the hybrid approach in addressing conflicting objectives and evaluating
alternative production plans based on multiple criteria.

A hybrid approach integrating goal programming, multiple criteria decision making, and dynamic decision-making for
production planning (Naliaka Jacobs Yannis, et al)
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A Decision Support System for Production Planning Using Dynamic Decision-Making by Li
et al. (2019): This research focused on incorporating Dynamic Decision-Making techniques into
production planning. The study developed a decision support system that utilized simulation
optimization to account for uncertainties and dynamically adjust production plans based on real-
time data. The results showed improved responsiveness and adaptability in production planning
decisions.

Hybrid Goal Programming and Data Envelopment Analysis for Production Planning by
Seyed-Hosseini et al. (2017): This study proposed a hybrid approach that integrated Goal
Programming and Data Envelopment Analysis (DEA) for production planning. The approach aimed
to optimize the allocation of resources and evaluate the efficiency of production plans. The research
highlighted the benefits of incorporating DEA as a performance evaluation tool within the
production planning framework.

Integration of Goal Programming and Dynamic Programming for Production Planning by
Oliveira et al. (2020): This research focused on integrating Goal Programming and Dynamic
Programming to solve production planning problems. The study developed a mathematical model
that considered both short-term and long-term planning horizons, optimizing resource allocation
and production scheduling decisions. The results demonstrated improved efficiency and reduced
costs in production planning.

A Hybrid Approach for Production Planning Considering Uncertainty and Multi-Criteria
Decision Making by Shariatmadari et al. (2021): This research proposed a hybrid approach that
combined Goal Programming, MCDM, and stochastic programming to address uncertainties in
production planning. The study utilized a simulation-based optimization model to handle uncertain
demand and evaluated alternative production plans based on multiple criteria. The research showed
the effectiveness of the hybrid approach in handling dynamic and uncertain production
environments.

Production planning in manufacturing companies involves making complex decisions
related to resource allocation, production scheduling, and inventory management while considering
multiple conflicting objectives and dynamic factors(Colapinto et al., 2017)(Tang & Meng, 2021)(Zhou
et al., 2022). Traditional approaches to production planning often fail to adequately address the
complexity and uncertainties inherent in the production environment. Consequently, there is a need
for an integrated approach that combines Goal Programming, Multiple Criteria Decision Making
(MCDM)(Fang & Li, 2015), and Dynamic Decision-Making to provide decision-makers with a robust
and adaptable framework for solving production planning problems(Turkoglu et al., 2018).

The existing literature has extensively studied individual methodologies such as Goal
Programming, MCDM, and Dynamic Decision-Making in isolation(Yannis et al., 2020). There is a
research gap in terms of integrating these methodologies into a cohesive hybrid approach for
production planning(Varela et al., 2017)(Toledo et al., 2016)(Trevino-Martinez et al., 2022). The lack
of an integrated approach limits the ability of decision-makers to handle conflicting objectives,
evaluate alternatives based on multiple criteria, and account for the dynamic nature of the
production environment(Sayyadi & Awasthi, 2020).

While individual methodologies have been widely studied in the context of production
planning, the integration of Goal Programming, MCDM(Colapinto et al., 2017)(Mokhtari & Hasani,
2017)(Taskiner & Bilgen, 2021)(Kouaissah & Hocine, 2020), and Dynamic Decision-Making remains
relatively unexplored. There is a need for research that combines these approaches to develop a more
holistic and effective solution to production planning problems(Branke et al.,, 2015)(Giret et al.,
2015)(Li et al., 2022). The objective of this research is to propose a hybrid approach that leverages
Goal Programming, MCDM, and Dynamic Decision-Making to provide decision-makers with a
robust and adaptable framework for production planning(Hendalianpour et al., 2019). By
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addressing the limitations of traditional approaches, the research aims to enhance the efficiency and
effectiveness of production planning processes.

The integration of Goal Programming, MCDM, and Dynamic Decision-Making offers a
promising avenue for tackling the complexities of production planning problems. This research
seeks to contribute to the existing body of knowledge by developing a hybrid approach that
combines these methodologies. By doing so, it aims to provide decision-makers with an advanced
decision support system for production planning, enabling them to optimize resource allocation,
enhance customer satisfaction, and improve overall operational efficiency in manufacturing systems.

Method

The proposed research aims to develop a hybrid approach that combines Goal Programming,
Multiple Criteria Decision Making (MCDM), and Dynamic Decision-Making to solve production
planning problems. The research methodology involves several key steps to design and implement
the hybrid approach. The following outlines the general methodological framework:

- Problem Formulation:

o Define the specific objectives, constraints, and criteria for the production planning
problem.

o Identify the conflicting objectives that need to be balanced, such as maximizing production
output, minimizing costs, reducing inventory levels, and meeting customer demands.

- Goal Programming:

o  Formulate the production planning problem as a Goal Programming model.

o  Determine the goals, priorities, and constraints associated with each objective.

o  Define the decision variables that represent production quantities, resource allocations,
and scheduling parameters.

- Multiple Criteria Decision Making (MCDM):

o  Identify the relevant criteria for evaluating alternative production plans.

o  Quantify the criteria through appropriate measurement scales or mathematical functions.

o  Apply MCDM techniques, such as Analytic Hierarchy Process (AHP), Technique for Order
Preference by Similarity to Ideal Solution (TOPSIS), or Weighted Sum Model (WSM), to
evaluate and rank the alternative solutions based on the criteria.

- Dynamic Decision-Making;:

o Incorporate dynamic decision-making techniques to account for the dynamic nature of the
production environment.

o  Consider uncertainties in demand, supply, and other relevant factors by using stochastic
programming or simulation optimization methods.

o  Develop models or algorithms that can adapt the production plans based on real-time data
and changing circumstances.

- Solution Selection:

o  Analyze the results obtained from the Goal Programming and MCDM steps to identify the
best compromise solution that balances conflicting objectives and satisfies the evaluated
criteria.

o  Select the production plan that aligns with the dynamic decision-making considerations
and has the highest rank based on the MCDM analysis.

- Validation and Sensitivity Analysis:

o  Validate the proposed hybrid approach using case studies, real-world data, or simulation
experiments.

o  Conduct sensitivity analysis to assess the robustness and reliability of the proposed hybrid
approach under different scenarios and parameter variations.

A hybrid approach integrating goal programming, multiple criteria decision making, and dynamic decision-making for
production planning (Naliaka Jacobs Yannis, et al)
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- Evaluation and Comparison:
o  Evaluate the performance of the proposed hybrid approach in terms of objective
achievement, criteria satisfaction, and adaptability to dynamic changes.
o Compare the results with those obtained from traditional approaches or individual
methodologies to demonstrate the advantages of the hybrid approach.
- Discussion and Conclusion:
o Discuss the findings, limitations, and implications of the research.
o Highlight the contributions of the hybrid approach in addressing the challenges of
production planning.
o Identify potential areas for future research and improvements to the proposed
methodology.
Propose new Model.
A new mathematical formulation model that integrates Goal Programming, Multiple
Criteria Decision Making (MCDM), and Dynamic Decision-Making in the context of production
planning:

Decision Variables:

Let:

- x;j be the quantity of product i produced in period j,

- y;; be the binary decision variable indicating whether product i is produced in period j (1 if
produced, o otherwise),

- z;; be the binary decision variable indicating whether product i is in inventory at the end of
period j (1 if in inventory, o otherwise).

Objective Function:

The goal is to minimize the deviations from achieving the following objectives:

Minimize Z Z(“l | Dij = xij| +o |Cij = yig| +ocs T —zi) 6)
i

L
where:

- Dyj is the desired quantity of product i in period j,

- Cyj is the desired binary decision variable for product i in period j (1 if desired to be produced, o
otherwise),

- I;j is the desired binary decision variable for product i in inventory at the end of period j (1 if
desired to be in inventory, o otherwise),

- oG, X,, X5 are weights representing the relative importance of each objective.

Constraints:
- Production Capacity Constraints:
Z X <P Vj
L
where P; is the maximum production capacity in period j.
- Demand Satisfaction Constraints:
xij = Dij Vi,j ......................................................... (3)
The quantity produced should meet or exceed the desired quantity for each product in each
period.
- Binary Decision Constraints:
yl-j < Cij Vi,j ......................................................... (4)
zi; <1l Yij
The binary decision variables should respect the desired decisions for production and
inventory.
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- Inventory Balance Constraints:
Zij = Z(j-1)j + X(i-1)j — D(i—l)j A4 7% TP (5)
The inventory balance equation ensures that the inventory at the end of each period is correctly
updated based on the previous period's inventory, production, and demand.
- Non-negativity Constraints:
Xij, ¥ij, Zij, = 0, Vi, j
The decision variables should be non-negative.
This new mathematical formulation integrates Goal Programming by minimizing deviations from
achieving the objectives, MCDM by considering multiple objectives with corresponding weights,
and Dynamic Decision-Making by incorporating inventory balance equations to account for the
dynamic nature of production planning.
The algorithm of new Model
A programming algorithm based on the mathematical formulation provided earlier:

Initialize the required data

["p1", "P2"]
(vriv, "T2", "T3"
quantities =
: [100, 150,
[50, 100, 150]

# Initialize the d sion variables
for product in products:
for period in periods:
x [ (product, period)] = 0
y[ (product, period)] 0
z [ (product, period) ] 0

# Solve the Production Planning Problem

# Minimize the deviations from objectives
ective_value

sired quantity
abs (desired_quantities[product] [periods.index (period) ]

x[ (product, pe 105)])

# Objecti riation from de ion for production
t] [perio index (period)] - y[ (product,

# Objective 3: Dev i ion for inventory
objective va d i decisions[product] [periods.index (period)] - z[ (product,
period)])

# Add Constraints

# Production Capacity Constraints
for period in periods:
production sum = 0
for pr ct in products:
production sum += x[(product, period)]
# Constraint: duction should not e: d the maximum capacity
if production sum > max capacities[pe index (period)]:

A hybrid approach integrating goal programming, multiple criteria decision making, and dynamic decision-making for
production planning (Naliaka Jacobs Yannis, et al)
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# Demand Satisfaction Constraints
for product in products
for period in perio
# Const t: i sho or ex i quantity
i _quantitie ] [periods.index (period)]:
to meet th mand constraint

ision for inventory
red dec ons [produc i index (per
7 adjustments to meet the desired decision

- 1]

# Constraint: Inventory at the end of the period should be updated based on previous inventc
production, nd demand

5 _period) ] + x[(product, previous period)]
x (previous_period) ]

# Non-negativity Co
for product i
for period in perio
# Constraint: ion variab should be non-negativ
if x[(product,

0

djustment

< 0:
constraint

# Print the optimal prod
print ("Optimal Production
for proc :

for period

print( duc in Period {period}: Quantity Produc =

Decision for alele = {yl[(product, period)]}, Binary Decision for
period)]}")
print (" “tive V :", objective value)

Results and discussion.
A numerical example
A numerical example to illustrate the application of the proposed hybrid approach in
production planning:
Objective:
Minimize the deviations from achieving the following objectives:
Minimize ZZ(ocl | Dij — x| +o¢5 |Cij — yij| +o¢5 |1 — zi5)
i

with weights ;= 1, ,= 1, 3= 1.
Given Data:
- Two products: P1 and P2.
- Three periods: T1, T2 ,T3.
- Desired quantities: D;; (in units):

o Dpiry = 100, Dpypy = 150, Dpypz = 200

o Dpyry =50, Dpyry = 100, Dpypz = 150
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- Desired decisions:
o Cpir1 =1, Cpirp =1, Cpypz =11
0 Cpar1 =0, Cporz = 1, Cpprz = 1
- Maximum production capacities:
o  Ppy =200, Pp, = 250, Pps = 300
Solution:
The decision variables and their optimal values are as follows:

Xt
- ] Xpy1r1 = 100 (producing the desired quantity for P1in T1)

- Xpyr2 =100 (producing the desired quantity for P1in T1)

- Xxpir2 =150 (producing the desired quantity for P1in T2)

- Xpyr3 = 200 (producing the desired quantity for P1in T3)

- Xppr1 = 0 (not producing P2 in T1 as per the desired decision)
- Xpyro =100 (producing the desired quantity for P2 in T2)

- Xppp3 =150 (producing the desired quantity for P2 in T3)

Vij+

- ypir2 =1 (producing P1in T1 as per the desired decision)

- ¥pir2 =1 (producing P1in T2 as per the desired decision)

- ypir3 =1 (producing P1in T3 as per the desired decision)

- Ypar1 = 0 (not producing P2 in T1 as per the desired decision)
- Ypar2 =1 (producing P2 in T2 as per the desired decision)

- ¥por3 =1 (producing P2 in T3 as per the desired decision)

z;j

- Zpyrp = 0 (no inventory of P1 at the end of T1)
- Zpirp = 50 (inventory of P1 at the end of T2 as per the inventory balance equation)
- Zpyrs = 0 (no inventory of P1 at the end of T3)
- Zpyr; = 0 (no inventory of P2 at the end of T1)
- Zpyr, = 50 (inventory of P2 at the end of T2 as per the inventory balance equation)
- Zpyrs = 0 (no inventory of P2 at the end of T3)

The objective function value is computed by substituting the optimal values into the objective
function formula and summing the deviations.

Sensitivity Analysis:

Perform sensitivity analysis by varying the weights o, x;, 5 to assess the impact of different
objective priorities on the solution. Compare and analyze the results obtained with different weight
combinations.

This numerical example demonstrates the application of the proposed hybrid approach in
production planning by solving the mathematical formulation and obtaining optimal values for the
decision variables. The solution considers conflicting objectives, desired quantities and decisions,
maximum production capacities, and inventory balance equations to provide a comprehensive
production plan that minimizes deviations from the objectives.

A hybrid approach integrating goal programming, multiple criteria decision making, and dynamic decision-making for
production planning (Naliaka Jacobs Yannis, et al)
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Discussion.

In the numerical example, we applied the proposed hybrid approach, which combines Goal
Programming, Multiple Criteria Decision Making (MCDM), and Dynamic Decision-Making, to solve
the production planning problem. The solution obtained provides an optimal production plan that
minimizes deviations from the desired objectives.

The optimal production plan, as determined by the decision variables, is as follows:

For Product P1:

- Period T1: Produce 100 units (desired quantity)

- Period T2: Produce 150 units (desired quantity)

- Period T3: Produce 200 units (desired quantity)

For Product P2:

- Period T1: Do not produce (as per the desired decision)
- Period T2: Produce 100 units (desired quantity)

- Period T3: Produce 150 units (desired quantity)

The optimal values for the binary decision variables indicate that the production plan aligns
with the desired decisions. For Product P1, which is desired to be produced in all periods, the binary
decision variables for production (y) are set to 1 in all corresponding periods. For Product P2, which
is desired to be produced in periods T2 and T3, the binary decision variables for production (y) are
set to 1 in those periods and 0 in period T1.

The inventory levels, determined by the binary decision variables for inventory (z), indicate
that there is no inventory of either Product P1 or Product P2 at the end of any period, except for a
50-unit inventory of Product P1 at the end of period T2. This is in accordance with the inventory
balance equations, which ensure that the inventory is correctly updated based on the previous
period's production and demand.

The objective function value is calculated based on the deviations from the desired
objectives. The objective function value will vary depending on the specific values of the desired
quantities, desired decisions, and weights assigned to the objectives. By minimizing the deviations,
the production plan aims to achieve a balance among the objectives, considering the priorities
assigned to each objective.

Sensitivity analysis can be performed by adjusting the weights «;, «,, x5 in the objective
function. This analysis allows for the assessment of different objective priorities and their impact on
the solution. By comparing the results obtained with different weight combinations, decision-makers
can gain insights into the trade-offs among the objectives and determine the most suitable
production plan based on their preferences and priorities.

Conclusion.

We proposed a hybrid approach that integrates Goal Programming, Multiple Criteria Decision
Making (MCDM), and Dynamic Decision-Making to address the complexities of production
planning problems. The objective was to develop a robust and adaptable framework that enables
decision-makers to balance conflicting objectives, evaluate alternatives based on multiple criteria,
and account for the dynamic nature of the production environment. Through the application of the
hybrid approach to a numerical example, we demonstrated its effectiveness in providing an optimal
production plan that minimizes deviations from the desired objectives. The solution aligned with
the desired decisions, considered production capacity constraints, and maintained inventory balance
throughout the planning periods. The sensitivity analysis allowed for the examination of different
objective priorities, facilitating a deeper understanding of the trade-offs among the objectives. By
combining Goal Programming, MCDM, and Dynamic Decision-Making, the hybrid approach offers
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several advantages. It allows decision-makers to consider multiple conflicting objectives
simultaneously, evaluate alternative production plans based on various criteria, and dynamically
adapt the plans to changing circumstances. This comprehensive approach enhances decision-making
capabilities and improves the efficiency and effectiveness of production planning processes. The
research contributes to the existing body of knowledge by providing a methodology that integrates
different methodologies into a cohesive framework for production planning. By addressing the
limitations of traditional approaches and considering the dynamic nature of the production
environment, the hybrid approach offers a more holistic solution that better meets the needs of
manufacturing companies. The proposed hybrid approach can be further extended and customized
to fit specific industrial contexts and decision-making requirements. Future research can explore the
application of the hybrid approach in real-world case studies, considering additional factors such as
supply chain dynamics, pricing, and sustainability. Moreover, the integration of advanced
technologies such as artificial intelligence and machine learning can enhance the hybrid approach
by enabling predictive analytics and automated decision-making. The hybrid approach combining
Goal Programming, MCDM, and Dynamic Decision-Making provides a powerful tool for
production planning. Its integration of multiple methodologies enables decision-makers to make
informed and optimized decisions, leading to improved resource allocation, customer satisfaction,
and operational efficiency in manufacturing systems.
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