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Abstract
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Unpredictable timing and demand changes can greatly impair
supply chain performance and resilience. Optimizing robust routing
and production planning in stochastic supply chains improves
efficiency and adaptability. Addressing timing and demand
uncertainty improves resilience and efficiency. Supply chain
management research emphasizes stochastic factors and resilient
optimization. This research introduces a mathematical model that
accounts for stochastic demand, transportation costs, holding costs,
production capabilities, and lead times. The formulation minimizes
cost while meeting uncertain demand and capacity constraints.
Numerical examples demonstrate the model's use. Due to
restrictions, the numerical example results are not supplied, but
expected outputs include optimal routing and production plans,
total cost minimization, sensitivity analysis, and insights into
uncertainty. Comparisons with baseline situations can show how the
proposed strategy improves resilience and efficiency. Supply chains
may become more resilient, flexible, and efficient by optimizing
routing and production planning in uncertainty. This research
introduces stochastic components and resilient optimization
methods to supply chain management. To improve the proposed
approach in real-world supply chains, further research can examine
improved algorithms, real-time data integration, and practical
implementation strategies.
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Introduction

Supply chains encounter many uncertainties and difficulties in the fast-paced, international
economic climate of today(Cohen & Kouvelis, 2021)(Naik & Suresh, 2018)(Aslam et al., 2020). Due
to variables including market shifts, consumer trends, natural disasters, traffic jams, and supply
disruptions, the timing and demand for goods or services might change substantially(Chang et al.,
2022). If not properly managed, these uncertainties can result in inefficiencies, higher costs, and

worse customer satisfaction(Goli et al., 2019).
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To address these challenges, researchers and practitioners have focused on developing
strategies and optimization techniques that enhance the resilience and efficiency of supply
chains(Gunasekaran et al., 2015)(Wang et al., 2016). Optimizing robust routing and production
planning in stochastic supply chains has emerged as a crucial area of research in this
context(Govindan et al., 2017)(Entezaminia et al., 2017)(Liu et al., 2021).

Stochastic supply chains refer to systems that exhibit randomness and uncertainty in timing
and demand(Modak & Kelle, 2019)(Govindan & Fattahi, 2017)(Snyder et al., 2016). Traditional
supply chain planning approaches often assume deterministic variables, which can lead to
suboptimal decisions and insufficient preparedness in the face of real-world uncertainties(Darvishi
et al,, 2020)(Homayouni et al., 2021)(Shehadeh & Padman, 2022). The need for robust optimization
methods that explicitly account for the stochastic nature of supply chain dynamics has become
increasingly evident(Sangaiah et al., 2020)(Han et al., 2016).

The optimization of robust routing and production planning in stochastic supply chains
involves finding strategies that are resilient to uncertainties and capable of adapting to changing
conditions(Budiman & Rau, 2021)(Goldbeck et al., 2020)(Badejo & lerapetritou, 2022). It requires
considering not only the variability in customer demand but also uncertainties related to
transportation, production, and inventory management(Pasandideh et al., 2015)(Kim et al., 2018). By
addressing these uncertainties, organizations can improve their responsiveness, reduce costs,
minimize disruptions, and enhance customer satisfaction(Piprani et al., 2020).

The research in this field encompasses a wide range of methodologies and approaches. It
leverages concepts from operations research, industrial engineering, logistics, and supply chain
management(Zhong et al.,, 2016)(Baryannis et al., 2019)(Brandenburg & Rebs, 2015). Advanced
mathematical modeling, optimization algorithms, statistical analysis, simulation, and machine
learning techniques are commonly employed to develop decision support tools and
frameworks(Baturynska et al., 2018)(Abbasi et al., 2020).

Optimization of robust production planning in supply chains under demand uncertainty by
Chen et al. (2017): This research proposes a robust optimization model to address uncertainty in
demand and develop production plans that minimize costs and maximize resilience. The study
considers multi-period production planning and incorporates uncertainty using scenario-based
approaches.

Robust supply chain network design under demand uncertainty by Shen et al. (2018): This
study focuses on the robust design of supply chain networks by considering multiple demand
scenarios. The authors propose a two-stage stochastic programming model that incorporates
demand uncertainty and develop a solution methodology to optimize the network configuration,
production, and distribution decisions.

Optimal inventory and production control policies under demand uncertainty: A review by
Saghafi and Wee (2019): This review paper provides an overview of various optimization models
and methodologies for inventory and production control under demand uncertainty. It discusses
approaches such as stochastic programming, robust optimization, and dynamic programming,
highlighting their application and effectiveness in addressing uncertainty.

Robust supply chain network design with service level guarantees under demand
uncertainty by Berman et al. (2019): This research focuses on the design of robust supply chain
networks while considering service level guarantees and demand uncertainty. The authors propose
a two-stage stochastic programming model that incorporates demand scenarios and develop a
solution approach to optimize network design decisions.

Optimization of robust production and inventory control policies in multi-product multi-
period supply chains by Hong et al. (2020): This study presents an optimization framework for
robust production and inventory control in multi-product multi-period supply chains. The authors
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consider uncertain demand and production capacity constraints and develop a robust optimization
model to determine production quantities and inventory levels that minimize costs and maintain
service levels.

The objective of this research is to develop effective strategies and optimization models that
consider uncertainty of timing and demand in supply chains. The goal is to provide decision-makers
with tools and insights to optimize routing and production planning, enable efficient resource
allocation, reduce stockouts and overstocks, minimize transportation costs, and enhance the overall
resilience and performance of supply chains.

By optimizing robust routing and production planning in stochastic supply chains,
organizations can better prepare for and respond to uncertainties, leading to improved operational
efficiency, reduced costs, increased customer satisfaction, and a competitive advantage in the
marketplace.

This research seeks to address the critical need for enhanced resilience and efficiency in
supply chains by tackling the challenges posed by uncertainty of timing and demand. By leveraging
advanced optimization techniques and considering stochastic variables, the aim is to provide
practical solutions and decision support tools that enable organizations to thrive in complex and
uncertain supply chain environments.

Method
The research methodology for optimizing robust routing and production planning in stochastic
supply chains typically involves the following steps:

Problem Identification, Clearly define the problem statement and research objectives.
Identify the specific challenges and uncertainties related to timing and demand in the supply chain.

Literature Review, Conduct a comprehensive review of existing research and literature
related to robust routing, production planning, and stochastic supply chains. Identify relevant
methodologies, models, and algorithms proposed by previous studies.

Model Formulation, Develop a mathematical model that represents the problem under
investigation. The model should incorporate parameters such as stochastic demand, transportation
costs, holding costs, production capacities, and lead times. Consider the objective of minimizing the
total cost while satisfying demand and capacity constraints.

Algorithm Design, Select an appropriate optimization algorithm or approach to solve the
formulated mathematical model. Determine the decision variables, constraints, and objective
function required for the algorithm. Consider the specific characteristics of the problem, such as the
size of the supply chain network and the level of uncertainty.

Data Collection, Gather relevant data for the supply chain, including historical demand data,
transportation costs, production capacities, and lead times. If necessary, collect data on the
probability distributions or scenarios representing the stochastic elements.

Model Implementation, Implement the mathematical model and the selected optimization
algorithm using a programming language and an optimization solver or library. Set up the decision
variables, constraints, and objective function based on the formulated model.

Numerical Analysis, Apply the implemented model to a numerical example using the
collected data. Solve the optimization problem to obtain the optimal routing and production plans.
Analyze the results, including the total cost, production quantities, inventory levels, and other
relevant performance measures.

Sensitivity Analysis, Perform sensitivity analysis by varying the input parameters to observe
the impact on the optimal solution. Evaluate the robustness of the solution to different levels of
uncertainty and assess the sensitivity of the solution to parameter changes.
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Result Evaluation, Compare the obtained results with baseline scenarios or existing
approaches to evaluate the effectiveness and improvement achieved by the proposed methodology.
Discuss the implications of the results and their significance in enhancing resilience and efficiency
in stochastic supply chains.

Discussion and Conclusion, Summarize the findings and discuss their implications. Reflect
on the limitations of the study and potential areas for future research. Conclude the research by
highlighting the contributions, practical implications, and recommendations for practitioners in the
field of supply chain management.

Propose new Model.

An example of a mathematical formulation for the optimization model addressing robust
routing and production planning in stochastic supply chains, considering the uncertainty of timing
and demand:

Sets:

I: Set of customer locations

J: Set of supplier locations

K: Set of products

T: Set of time periods

Parameters:

dgijkey:  Stochastic demand for product k at customer location i during time period ¢

cjy:  Transportation cost per unit for delivering from supplier location j to customer location i

hixy: Holding cost per unit for product k at customer location i during time period ¢

fijkey:  Fixed production cost per unit for product k at supplier location j during time period ¢

S¢jkey:  Production capacity for product k at supplier location j during time period ¢

Lgkey:  Lead time for delivering product k from supplier location j to customer location i during
time period t.

Decision Variables:

Xgijkey: Quantity of product k delivered from supplier location j to customer location i during time

period t.

Yikey: Quantity of product k produced at supplier location j during time period ¢.

Zijkey: Binary variable indicating whether product k is delivered from supplier location j to
customer location i during time period ¢ (1 if delivered, 0 otherwise).

Objective Function:

Minzzzzcu Xijkt +ZZZ’W Xijkt +Zzzfjkt Yike L 1)

i€] j€J keK teT i€l KEK teT JEJ k€K teT
Subject to:
1. Demand Satisfaction:
Xjrr Z dijiee. YEELKEK,LET e, @)
JEJ t'st+Lige
2. Production Capacity:
Z Z Xpiji! Z Sijke. VI €Lk €K EET e, 3)
i€l t'=t+Lige
3. Non-negativity:
Xiijkt, Vikt =0 VieLjEJkEK,tET i, (4)

4. Binary Variable Constraints:
xijktSMZijkt VlEI,]E],lEI,kEK,tET

Zzijkt =1 VjE],kEK,tET

i€l
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In the formulation above, the objective function minimizes the total cost, which includes
transportation costs, holding costs, and production costs. The constraints ensure that the demand is
satisfied, the production capacity is not exceeded, and non-negativity of variables is maintained. The
binary variable constraints ensure that product delivery is only made if the binary variable is set to
1.
The algorithm of new Model

This algorithm uses the PuLP library for linear programming modeling and the CBC solver

for optimization:
# Import necessary libraries
from pulp import *

# Define sets, parameters, and decision variables

# Sets

I=1[1, 2, 3] # Customer locations
J=['A’, 'B’] # Supplier locations
K=['P1’, 'P2’] # Products
T=[1, 2] # Time periods

# Parameters

d={1:{1:{1: {1: 50}, 2: {1: 40}}, 2: {1: {1: 30}, 2: {1: 25}}, 3: {1: {1: 20}, 2: {1: 15}}},
2:{1:{1: {1: 35}, 2: {1: 30}}, 2: {1: {1: 30}, 2: {1: 20}}, 3: {1: {1: 25}, 2: {1: 15}}},
3:{1: {1: {1: 25}, 2: {1: 20}}, 2: {1: {1: 20}, 2: {1: 15}}, 3: {1: {1: 15}, 2: {1: 10}}}}

c={(1,'A’):2,(1, 'B’'):4,(2,'A’):3,(2, 'B’):5,(3, 'A’): 4, (3, 'B’): 6}
h={1:{1:1,2:2},2:{1:1,2: 2}, 3:{1: 1, 2: 2}}

f={CA’, 'P1'):{1: 10, 2: 12}, ("A’, 'P2’): {1: 11, 2: 13},
('B’, 'P1°): {1: 10, 2: 12}, ('B’, 'P2’): {1: 11, 2: 13}}

s={("A’, 'P1'): {1: 40, 2: 30}, ("A’, 'P2’): {1: 40, 2: 30},
('B’, 'P1°): {1: 50, 2: 35}, ('B’, 'P2’): {1: 50, 2: 35}}

L={1:{1:{1:1,2:2}}, 2: {1: {1: 1, 2: 2}}}

# Create the optimization problem
prob = LpProblem(”RobustRoutingProduction”, LpMinimize)

# Define decision variables

x = LpVariable.dicts("x", (I, ], K, T), lowBound=0, cat="Continuous’)
y = LpVariable.dicts("y”, (], K, T), lowBound=0, cat="Continuous’)

z = LpVariable.dicts("z", (I, ], K, T), cat="Binary’)

# Define the objective function
prob += IpSum(c[ij] * x[illjI[kI[t] + h[ilkI[t] * x[il[jIkI[t] + fIjILKILE * ylfilkIlE]
foriinlforjin]forkinK fortinT)

# Add constraints
foriinl:
forkinK:
fortinT:
prob += IpSum(x[illjI[kI[t] for j in ]) = d[il[kI[t]

forjin]:
forkinK:
fortin T:
prob +=yljllkilt] <= s[jIlkI[t]
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foriinl:
forjin]:
forkin K:
fortin T:
prob += x[illjI[kI[t] <= z[i]ljl[kI[t] * d[i][k][t]

# Solve the optimization problem
prob.solve()

# Print the status of the solution
print(”Status:”, LpStatus[prob.status])

# Print the optimal solution

print("Optimal Solution:")

for v in prob.variables():
print(v.name, "=", v.varValue)

# Print the optimal objective value
print("Optimal Total Cost =", value(prob.objective))

Results and discussion.
A numerical example
A numerical example to illustrate the application of the mathematical formulation for
optimizing robust routing and production planning in a stochastic supply chain.
Consider the following scenario:

Sets:

L: {1, 2, 3} (Three customer locations)
J: {A, B} (Two supplier locations)

K: {P1, P2} (Two products)

T: {1, 2} (Two time periods)
Parameters:

dgijkey:  Stochastic demand for product k at customer location i during time period t.
di111 = 50, dyz11 = 30, dy315 = 20
di121 = 40, dyzp1 = 25, dy32 = 15
dy111 = 35, dyp11 = 30, dy311 = 25
dy121 = 30, dyaz1 = 20, dy3y; = 15
d3111 = 25, d3p11 = 20, d3311 = 15
d3121 = 20, d3321 = 15, d335; = 10
cgjy:  Transportation cost per unit for delivering from supplier location j to customer location i
Cia=2,¢cp=4
Coa=3,C3=5
€34 =4, C33 =6
hix: Holding cost per unit for product k at customer location i during time period ¢
hiye =1, hize = 2, ho1e = 1, Rype = 2, hayp = 1, hape = 2
fukey:  Fixed production cost per unit for product k at supplier location j during time period ¢
fare = 10, fape = 12
feie =11, fpor = 13
Sgjkey:  Production capacity for product k at supplier location j during time period ¢
Sa1t = 40, sS40 = 30
Sg1t = 50, Sgor = 35
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Lgkey:  Lead time for delivering product k from supplier location j to customer location i during

time period ¢

Liyie = Ligae = Lizie =1
Li1z¢ = Ligoe = Ligor = 2
Loy1e = Lyg1e = Loz =1
Ly12¢ = Lygar = Lyzar = 2
L311¢ = Laz1e = L3z =1
L3132t = L3gar = Lagar = 2

With this information, we can now solve the optimization model to obtain the robust routing and
production plans. The objective is to minimize the total cost, considering demand satisfaction,
production capacity, and other constraints.

Conclusion.

This research focuses on optimizing robust routing and production planning in stochastic supply
chains by addressing the uncertainty of timing and demand. The objective is to enhance the resilience
and efficiency of the supply chain operations in the face of unpredictable factors. Through a
comprehensive literature review, existing research on the topic has been examined, highlighting the
significance of incorporating stochastic elements and robust optimization techniques in supply chain
management. Various mathematical models and algorithms have been proposed in the literature to
address uncertainty and optimize routing and production decisions. In this study, a mathematical
formulation was developed to address the problem of robust routing and production planning in
stochastic supply chains. The formulation considers parameters such as stochastic demand,
transportation costs, holding costs, production capacities, and lead times. The objective is to
minimize the total cost while meeting the uncertain demand and respecting the capacity constraints.
A numerical example was presented to illustrate the application of the mathematical formulation.
Due to the limitations of this text-based environment, the specific results and analysis could not be
provided. It is anticipated that solving the optimization model would yield optimal routing and
production plans, along with insights on the impact of uncertainty and recommendations for
enhancing supply chain performance. This research contributes to the field of supply chain
management by providing a framework for addressing uncertainty in routing and production
planning. By integrating stochastic elements and robust optimization techniques, supply chains can
become more resilient, adaptable, and efficient, leading to improved customer satisfaction, reduced
costs, and increased competitiveness in dynamic business environments. Future research can explore
advanced algorithms, real-time data integration, and practical implementation strategies to further
enhance the effectiveness of the proposed approach in real-world supply chain settings.
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