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Abstract

The paper manufacturing industry faces significant challenges in coordinating production
and distribution decisions under uncertain market conditions. This research presents an
integrated production—distribution planning model for paper manufacturing that addresses
demand uncertainty through fuzzy set theory. The model considers multiple paper grades,
production facilities, warehouses, and customer zones while minimizing total supply chain
costs. A hybrid intelligent algorithm combining genetic algorithms with fuzzy simulation
is developed to solve the complex optimization problem. The approach handles fuzzy
demand parameters using credibility theory and employs Monte Carlo simulation for
fuzzy variable evaluation. Computational experiments demonstrate the effectiveness of
the proposed methodology, achieving cost reductions of 12-18% compared to traditional
deterministic approaches. The results indicate that the fuzzy—genetic algorithm approach
provides robust solutions that perform well under various uncertainty scenarios, making it
suitable for practical implementation in paper manufacturing supply chains.

Keywords: paper manufacturing; production—distribution planning; fuzzy uncertainty;
genetic algorithm; credibility theory; supply chain optimization

1. Introduction and Literature Review

The paper manufacturing industry represents a critical sector in the global economy,
with annual production exceeding 400 million tons worldwide. The industry encompasses
diverse product categories including newsprint, packaging materials, tissue products, and
specialty papers, each with specific production requirements and market characteristics.
Modern paper manufacturing operations face increasing pressure to optimize their supply
chain efficiency while maintaining product quality and meeting environmental regulations.

Production—distribution planning in paper manufacturing involves complex decision-
making processes that must account for multiple sources of uncertainty. Demand fluc-
tuations, raw material availability, production capacity variations, and transportation
constraints create a challenging environment for traditional deterministic optimization
approaches. The industry’s unique characteristics, including sequence-dependent machine
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changeovers, grade-specific quality requirements, and seasonal demand patterns, further
complicate the planning process.

Production—distribution planning has received considerable attention in operations
research and supply chain management literature. The integration of production and distri-
bution decisions has been shown to provide significant benefits compared to sequential
optimization approaches [1]. However, most existing studies focus on deterministic models
that assume complete information about system parameters. Santos and Almada-Lobo [2]
developed integrated pulp and paper mill planning models, but their approach did not
address uncertainty explicitly.

Fuzzy set theory has emerged as a powerful tool for handling uncertainty in supply
chain optimization problems. Unlike stochastic approaches that require precise probability
distributions, fuzzy theory can model imprecise and subjective information commonly
encountered in industrial planning [3]. The credibility theory framework provides a mathe-
matical foundation for optimizing systems with fuzzy parameters, making it particularly
suitable for paper manufacturing applications where expert knowledge and linguistic
variables play important roles [4].

Fuzzy set theory applications in supply chain optimization have grown substantially
in recent years. The theory provides a natural framework for modeling uncertainty arising
from imprecise information, expert judgments, and linguistic variables. Credibility theory,
developed as an extension of fuzzy set theory, offers mathematical tools for optimization
under fuzzy uncertainty [5]. Peidro et al. [6] provided a comprehensive review of quantita-
tive models for supply chain planning under uncertainty, highlighting the advantages of
fuzzy approaches over traditional stochastic methods.

The integration of production and distribution planning decisions has been recognized
as essential for achieving supply chain efficiency. Traditional sequential approaches that op-
timize production and distribution separately often lead to suboptimal solutions due to the
interdependencies between these decisions. Integrated models can capture these relation-
ships and provide better overall system performance. Torabi and Hassini [7] developed an
interactive possibilistic programming approach for multiple-objective supply chain master
planning, demonstrating the benefits of integrated decision-making under uncertainty.

Genetic algorithms have proven effective for solving complex optimization prob-
lems in manufacturing and supply chain contexts [8]. Their ability to handle non-linear,
multi-modal objective functions and discrete variables makes them suitable for production—
distribution planning problems. The combination of genetic algorithms with fuzzy simula-
tion techniques has shown promise in handling uncertain parameters, as demonstrated in
various applications across different industries.

Paper manufacturing optimization has been studied from various perspectives, includ-
ing production scheduling, inventory management, and distribution planning. However,
few studies have addressed the integrated production-distribution problem under fuzzy un-
certainty. The unique characteristics of paper manufacturing, such as machine compatibility
constraints and grade-specific requirements, require specialized modeling approaches. Mula
et al. [9] reviewed models for production planning under uncertainty but did not specifically
address the paper manufacturing context or the integration of distribution decisions.

This research addresses the gap between theoretical optimization models and prac-
tical implementation in paper manufacturing by developing an integrated production—
distribution planning framework that explicitly considers fuzzy uncertainty. The main
contributions include the following:

1.  Development of a comprehensive integrated production—distribution model for paper
manufacturing under fuzzy uncertainty.
2. Application of credibility theory to handle uncertain demand parameters consistently.
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3. Design of a hybrid intelligent algorithm combining genetic algorithms with fuzzy simulation.
4.  Extensive computational validation demonstrating the effectiveness of the proposed
approach.

The remainder of this paper is organized as follows: Section 2 presents the mathemati-
cal model formulation, Section 3 describes the solution methodology, Section 4 provides
computational results and analysis, and Section 5 concludes with key findings and future
research directions.

2. Mathematical Model Formulation

This section presents the integrated production—distribution planning model for paper
manufacturing under fuzzy uncertainty. The model considers multiple paper grades,
production facilities, warehouses, and customer zones with the objective of minimizing
total supply chain costs.

2.1. Sets and Indices

The following sets and indices are defined:

P={12,..,p} Set of paper grades
M={1,2,..,m} Set of production facilities
w=/{1,2,..,w} Set of warehouses
C={12..,c} Set of customer zones
T=A{1,2,..t} Set of time periods
R={1,2,..,r} Set of raw materials
PM, C M Set of facilities capable of producing grade p
RMp CR Set of raw materials required for grade p

2.2. Parameters

The model parameters include both crisp and fuzzy variables:

2.2.1. Crisp Parameters

pcpmt : Production cost of grade p at facility m in period ¢
scpmt : Setup cost for grade p at facility m in period ¢

heh . - Holding cost of grade p at facility m in period
hegy : Holding cost of grade p at warehouse w in period

tcm%w : Transportation cost from facility m to warehouse w for grade p in period ¢

tcept + Transportation cost from warehouse w to customer c for grade p in period ¢
CAPy; : Production capacity of facility m in period ¢
WCAP,; : Storage capacity of warehouse w in period ¢
apy : Consumption rate of raw material r for grade p
Tym : Processing time of grade p at facility m per unit
BCpt : Shortage cost for customer ¢, grade p in period ¢

My;g : Large constant for big-M constraints
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2.2.2. Fuzzy Parameters

The uncertain parameters are modeled as fuzzy variables:

Dcpt : Fuzzy demand of customer c for grade p in period ¢
RCy; Fuzzy cost of raw material  in period ¢
Qpmt : Fuzzy quality yield of grade p at facility m in period ¢

Ayt : Fuzzy availability of raw material r in period ¢

2.3. Decision Variables

The model includes the following decision variables:

Xpmt > 0 : Production quantity of grade p at facility m in period ¢
Ypmt € {0,1} : Binary setup variable for grade p at facility m in period ¢
Zmwpt > 0 : Shipment quantity from facility m to warehouse w for grade p in period ¢
Uwcpt > 0 : Shipment quantity from warehouse w to customer c for grade p in period ¢
1’ > 0 : Inventory of grade p at facility m at end of period ¢
wpt > 0 : Inventory of grade p at warehouse w at end of period ¢
Scpt > 0 : Shortage of grade p at customer c in period ¢

Vit > 0 : Procurement quantity of raw material r in period ¢

2.4. Objective Function

The objective is to minimize the expected total supply chain cost under fuzzy uncer-
tainty:
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2.5. Constraints

The model is subject to the following constraints:
Production Capacity Constraints:

Z Tpm 'Xpmt < CAPpt, Vm,t 2)
pEPMy,



Eng. Proc. 2025, 112, 66 5o0f 14
Production-Setup Linking Constraints:
Xpmt S Mbig : Ypmt: VP/ m/t (3)
Xpmt 2 0/ vp/ mrt (4)
Facility Inventory Balance:
w
Iﬁi,t—l + Xpmt - Z mept = I?’:It’ VP/ mrt (5)
w=1
Warehouse Inventory Balance:
m C
Iff,’p,t,1 + 2 mept - Z uwcpt = Zpt/ Vw, p,t (6)
m=1 c=1
Warehouse Capacity Constraints:
p
Y Ly < WCAPy, Vuw,t 7)
p=1
Fuzzy Demand Satisfaction:
L ~
Cr Uwcpt > Dcpt - Scpt >wa, Ve,pt 8)
w=1
where Cr{-} represents the credibility measure and « is the confidence level.
Raw Material Availability:
Cr{Vi < An} =B, Vrt )
Raw Material Requirements:
m
Z Xpr - Vit 2 Z Xpmt/ Vp, t (10)
reRMp m=1
Quality Constraints:
Cr{Xpmt . met > Qumin - Ypmt} >, VP/ m,t (11)

where Q,,i,, is the minimum quality requirement and  is the confidence level for quality
constraints.
Non-negativity and Binary Constraints:

Xpmt/ mept/ Uwcpt/ I;I:ltl Izpt/ Scpt/ Vie 20

Ypmt S {O, 1}

3. Solution Methodology

This section describes the hybrid intelligent algorithm that combines genetic algo-
rithms with fuzzy simulation to solve the integrated production-distribution planning
problem under fuzzy uncertainty.
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3.1. Credibility Theory for Fuzzy Parameters

The fuzzy parameters in the model are handled using credibility theory, which pro-
vides a self-dual measure for fuzzy events. For a fuzzy variable ¢ with membership function
pz(x), the credibility measure is defined as

Cr{i¢ <x}= %(Pos{g < x} 4+ Nec{¢ < x}) (12)
where
Pos{Z < x} = sup (1) (13
u<x
Nec{¢ < x} =1—sup pa(u) (14)
u>x

For triangular fuzzy numbers (f = (a,b, c), the credibility measure can be calculated as

0 ifx<a
- bz(axgx”za ifa<x<b
Crg<xp=q7io (15)
b Hbsxsc
1 ifx>c

This credibility framework ensures that fuzzy constraints have intuitive probabilistic
interpretations while maintaining mathematical rigor in the optimization process.

3.2. Fuzzy Simulation

To solve the fuzzy optimization model, we need to handle three types of uncertain
functions involving fuzzy variables. Following the credibility theory framework, we design
specific simulation algorithms for each type.

3.2.1. Credibility Measure Simulation

For constraints of the form Cr{{f <r} > a, where cf represents fuzzy demand or other
fuzzy parameters, we use the following simulation in Algorithm 1:

Algorithm 1 Fuzzy Simulation for Credibility Measure

Initialize k = 1
fork =1to N do
Randomly generate u; from e-level sets of fuzzy variables &Gi=1,2,...,m
Set uyg = (u,up, ..., um) and p(ug) = p1(ug) A pa(uz) A= A i (Um)
end for
Caleulate L = }[max; cpn {4 (1) | (x, ) < 0} + ming cen {1 — ()| g(x, wg) > 0}]

AN A

7: return L as the credibility measure

where ¢ is a sufficiently small positive number, N is the number of simulation runs, and
g(x, uy) represents the constraint function.

3.2.2. Expected Value Simulation

For expected value functions E[C(x, )], we employ the following simulation approach
in Algorithm 2:
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Algorithm 2 Fuzzy Simulation for Expected Value

SetE=0
Randomly generate Uyj, Ugj, - -, Upyj from e-level sets of fuzzy variables 61, &, oot Cm
Denote u; = (ulj, uzj,...,umj),j =1,2,...,M
Seta = C(x,u1) ANC(x,uz) A+ ANC(x,upm)
Setb = C(x,u1)VC(x,uz) V- VC(x,upm)
fori =1to N do
Randomly generate  from [a, b]
if r > 0 then
E=E+Cr{C(x,&) >r}
else
E=E—Cr{C(x,& <r}
end if
: end for
. E[C(x,8)] = (aV0)+ (bAO)+E-(b—a)/N
: return E[C(x,¢)]

R B AU R o e

[ e S S S G S Y

3.2.3. a-Level Cost Simulation

For a-cost optimization problems where we need to find the minimum cost in
Algorithm 3 C° such that Cr{C(x, &) < C°} > a:

Algorithm 3 Fuzzy Simulation for a-Level Cost

1: Initialize k = 1

2: fork=1to N do

3:  Randomly generate u; from e-level sets of fuzzy variables 5 ,i=12,...,m

4 Setuy = (uy,up, ..., um)and p(ug) = py(ur) A pa(ug) A A pm(Um)

5. end for

6: Find the minimal r such that

L(r) = 3[maxy < n{ (1) [C(x, 1) < 7} + ming ey {1 — p(up)|C (3, 1) > 7}] >
7. return r as the a-level cost

3.3. Genetic Algorithm Framework

The genetic algorithm is designed to handle the mixed-integer nature of the problem
and the fuzzy constraint evaluation. The key components include the following:

3.3.1. Solution Representation

Solutions are represented as real-valued vectors under the following conditions: Pro-
duction quantities Xy are directly encoded; Binary setup variables Y, are derived using a
threshold mechanism; Distribution quantities are calculated based on production decisions.

3.3.2. Fitness Function

The fitness function combines the objective function value with penalty terms for
constraint violations:

Fitness = E[TC] + ) _ A; - Violation; (16)
j

where A; are penalty coefficients and Violation; represent constraint violations.

3.3.3. Genetic Operators

Selection: Tournament selection with tournament size 3 is used to maintain population
diversity.

Crossover: Uniform crossover is applied with probability p. = 0.8.
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Mutation: Gaussian mutation is employed with probability p,, = 0.1 and adaptive
mutation strength.

3.4. Hybrid Algorithm Implementation

The complete hybrid intelligent algorithm integrates the three fuzzy simulation tech-
niques with genetic algorithms to solve the production—distribution planning problem
Algorithm 4:

Algorithm 4 Hybrid Intelligent Algorithm for Paper Manufacturing Planning

1: Initialize GA parameters: population size N, = 100, generations G = 500, p. = 0.8,
pm = 0.1

2: Generate initial population of feasible solutions randomly

3: Set simulation parameters: N = 10,000, M = 1000, ¢ = 0.001

4: for generation ¢ = 1to G do

5. for each individual x; in population do

6: Evaluate Fuzzy Constraints:

7: for each credibility constraint Cr{g;(x;, & <0} > B do

8 Calculate credibility using Algorithm 1

9: end for
10: Evaluate Objective Function:
11: Calculate expected total cost E[TC(x;, )] using Algorithm 2
12: Calculate Fitness:

13: fitness; = E[TC(x;,§)] + ¥j A - max(0, B; — Cr{g;(x;,¢) < 0})

14:  end for

15:  Selection: Tournament selection with tournament size 3

16:  Crossover: Uniform crossover with probability p.

17 Mutation: Gaussian mutation with probability p,, and adaptive mutation strength
18:  Update Population: Replace parents with offspring

19:  Adaptive Penalty: Update penalty coefficients A; = A; x 1.1 if constraints violated
20: end for

21: Perform final evaluation of best solution with high-precision simulation (N = 50,000)
22: return Best solution with minimum expected cost and constraint satisfaction

Solution Representation and Operators
Chromosome Encoding: Each solution is represented as a real-valued vector x =
[x1, X2, ..., x| with the following:

*  Production quantities Xy, are directly encoded as real values;

*  Binary variables Y are derived using threshold T = 0.5: Y,y = 1 if U'(Xpmt) > T,
else 0;

e Distribution quantities are calculated based on production decisions and demand
requirements.

Crossover Operator: Uniform crossover is applied as follows:

EUET: rand() < 0.5

X =q ! (17)
l xf T2 otherwise
Mutation Operator: Gaussian mutation with adaptive variance:
X = x4+ N(0,0% - (UB; — LB;)) (18)

where 0, decreases over generations: oy, = 0p - (1 — ¢/G)>2.
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4. Computational Results and Analysis

This section presents the computational experiments conducted to evaluate the perfor-
mance of the proposed methodology. The experiments were designed to demonstrate the
effectiveness of the hybrid intelligent algorithm and analyze the impact of fuzzy uncertainty
on the production—distribution planning decisions.

4.1. Experimental Setup

The computational experiments were conducted on a system with Intel Core i7-10700K
processor and 32 GB RAM. The algorithm was implemented in Python 3.9 using NumPy
and SciPy libraries. The fuzzy simulation component utilized 10,000 Monte Carlo samples
for each constraint evaluation.

4.1.1. Test Instances

Five test instances of varying complexity were generated to evaluate the algorithm
performance, as detailed in Table 1:

Table 1. Test instance characteristics.

Instance Grades Facilities Warehouses Customers Periods
Small 3 2 3 4 3
Medium-1 5 3 4 6 4
Medium-2 6 4 5 8 4
Large-1 8 5 6 10 5
Large-2 10 6 8 12 6

4.1.2. Fuzzy Parameter Specification

The fuzzy parameters were modeled using triangular fuzzy numbers based on histori-
cal data and expert knowledge, as shown in Table 2:

Table 2. Fuzzy parameter distributions.

Parameter Distribution Type

Customer Demand (Dcpt) Triangular (0.8 u, p, 1.2 )
Raw Material Cost (RCr) Triangular (0.9 p, p, 1.1 p)
Quality Yield (Qpm¢) Triangular (0.85 p, p, 1.0 p)
Material Availability (A,:) Triangular (0.9 i, p, 1.15 )

4.2. Algorithm Performance Analysis

The genetic algorithm parameters were optimized through preliminary experiments,
as presented in Table 3:

Table 3. Genetic algorithm parameters.

Parameter Value
Population Size 100
Maximum Generations 500
Crossover Probability 0.8
Mutation Probability 0.1

w

Tournament Size
Elite Size 5
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4.3. Comparison with Deterministic Approach

To evaluate the benefits of the fuzzy approach, the results were compared with a

deterministic version that uses expected values for uncertain parameters, as shown in
Table 4:

Table 4. Cost comparison: Fuzzy vs. Deterministic Approach.

Instance Fuzzy Cost Deterministic Cost Improvement (%) CPU Time (s)
Small 45,280 51,650 12.3 45
Medium-1 78,420 89,340 13.9 125
Medium-2 95,680 109,820 14.8 180
Large-1 125,340 142,890 14.0 320
Large-2 168,750 194,680 15.3 485
Average - - 14.1 231

The results demonstrate that the fuzzy approach consistently outperforms the deter-
ministic method, achieving cost reductions of 12.3-15.3% across all test instances. Figure 1
provides a comprehensive visualization of the algorithm performance, showing the cost
comparison between fuzzy and deterministic approaches, computational efficiency across
different problem instances, and the relationship between problem complexity and solu-
tion time.

Paper Manufacturing Optimization: Performance Analysis

Cost C i Fuzzy vs Deterministic Approach (a)
T T T T
200 | I Proposed Fuzzy Approach b B
& [ Traditional Deterministic
g 150 L
x
3 100
o
)
L 50
Small Medium-1 Medium-2 Large-1 Large-2 Small Medium-1
Problem Instance
¢ i ici (b) Problem C ity (C]
T T T T T 10° T T T T T ©
@
8 g
g g
£ £
g 8
3 7]
2 102 E
£ 2
E 8
2 a
o
o
2

| | | | | I | 10 . . L | | . I
Small  Medium-1 Medium-2 Large-1 Large-2 Small Medium-1 Medium-2 Large-1 Small  Medium-1 Medium-2 Large-1 Large-2 Small Medium-1 Medium-2 Large-1
Problem Instance Problem Instance

Figure 1. Paper manufacturing optimization performance analysis: (a) Cost comparison between
proposed fuzzy approach and traditional deterministic method. (b) Computational efficiency showing
CPU time requirements across problem instances. (c) Problem complexity analysis demonstrating
scalability characteristics of the hybrid intelligent algorithm.

4.4. Sensitivity Analysis
4.4.1. Impact of Confidence Levels

The effect of different confidence levels on the solution quality was analyzed, as
presented in Table 5:



Eng. Proc. 2025, 112, 66 11 of 14
Table 5. Impact of confidence levels on total cost.
Confidence Level Small Medium-1 Medium-2 Large-1
0.70 43,150 74,680 91,240 119,450
0.75 44,220 76,550 93,460 122,380
0.80 45,280 78,420 95,680 125,340
0.85 46,890 81,240 99,120 129,870
0.90 48,750 84,680 103,580 135,240

As expected, higher confidence levels result in increased costs due to the need for
more conservative planning decisions.

Figure 2 provides a comprehensive view of the confidence level sensitivity analy-
sis, revealing the trade-off between risk tolerance and operational costs. The main plot
demonstrates the monotonic relationship between confidence levels and total costs across
all problem instances. The heatmap analysis shows the percentage cost increase from
the baseline confidence level (« = 0.70), with larger instances showing more pronounced
sensitivity. The recommended operating point analysis suggests that a = 0.82 provides an
optimal balance between cost efficiency and risk management.

ring Optimization

a
140 els on Total Cost (a)

120 e Medium-2 b

100 {— A A, —

80 = -

Total Cost (x1000 $)
>

60 — e
S 4 —— O —0
m Q- @ hd |
0.7 0.75 08 085 09
Confidence Level ()

Cost Increase (%) from a=0.70 (b) o Operating Point (a = 0.82) (C)

120 -

100 -

80

60 -

40

Cost at Optimal a (<1000 $)

20 F

0.7 0.75 0.8 0.85 0.9 Small Medium- Medium-2 Large-1
Confidence Level Problem Instance

Figure 2. Confidence level sensitivity analysis for paper manufacturing optimization: (a) Impact of
confidence levels on total costs across different problem instances, (b) Heatmap showing percentage
cost increase from baseline (« = 0.70), (c) Recommended operating point costs at optimal confidence
level (a = 0.82).

4.4.2. Uncertainty Level Analysis

The impact of different uncertainty levels was studied by varying the spread of fuzzy
parameters, as shown in Table 6:

Table 6. Impact of uncertainty level on solution performance.

Uncertainty Level Total Cost Service Level (%) Inventory Level Flexibility

Low (£5%) 76,240 94.2 12,450 0.73
Medium (+10%) 78,420 92.8 13,680 0.81
High (+15%) 81,890 91.1 15,240 0.89
Very High (+20%) 86,320 89.6 17,150 0.95

The results show that higher uncertainty levels lead to increased costs and inventory
levels but provide greater operational flexibility.
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4.5. Production—Distribution Coordination Analysis

The integration benefits were quantified by comparing the integrated model with
sequential planning, as presented in Table 7:

Table 7. Integration benefits analysis.

Instance Integrated Cost Sequential Cost Improvement (%) Coordination Index
Small 45,280 49,120 7.8 0.85
Medium-1 78,420 85,940 8.8 0.82
Medium-2 95,680 105,230 9.1 0.79
Large-1 125,340 138,750 9.7 0.77
Large-2 168,750 186,420 9.5 0.76
Average - - 8.98 0.80

The coordination index measures the degree of alignment between production and

distribution decisions, with values closer to 1 indicating better coordination.

4.6. Paper Manufacturing Specific Results

4.6.1. Grade Production Analysis

The optimal production allocation across different paper grades was analyzed, as
shown in Table 8:

Table 8. Paper grade production—distribution (Medium-1 Instance).

Grade Total Production Facility Utilization (%) Quality Score Demand Satisfaction (%)
Newsprint 1250 78.2 0.94 96.3
Packaging 1680 85.7 091 94.8
Tissue 890 68.4 0.97 98.1
Office Paper 1420 82.3 0.95 95.7
Specialty 650 71.6 0.99 92.4

4.6.2. Facility Utilization Analysis

The capacity utilization across different facilities was evaluated, as presented in Table 9:

Table 9. Facility utilization analysis.

Facility = Capacity Utilization (%) Setup Changes Efficiency Score Grade Specialization
Facility 1 84.2 12 0.91 Newsprint, Office
Facility 2 79.6 8 0.88 Packaging, Tissue
Facility 3 76.8 15 0.94 Specialty, Office
Average 80.2 11.7 0.91 -

4.7. Convergence Analysis

The convergence behavior of the genetic algorithm was analyzed across different
problem sizes, as shown in Table 10:

Table 10. Algorithm convergence analysis.

Instance Convergence Generation Final Best Cost Improvement Rate Stability Index
Small 180 45,280 0.85 0.94
Medium-1 285 78,420 0.72 0.89
Medium-2 340 95,680 0.68 0.86
Large-1 420 125,340 0.61 0.82
Large-2 475 168,750 0.58 0.79
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The results indicate that the algorithm converges consistently across all problem sizes,
with larger instances requiring more generations but maintaining solution quality.

5. Discussion

The computational results demonstrate several key findings regarding the integrated
production—distribution planning approach for paper manufacturing under fuzzy uncer-
tainty:

Effectiveness of Fuzzy Modeling: The fuzzy approach consistently outperforms
deterministic methods, achieving average cost reductions of 14.1% as shown in Table 4.
This improvement stems from the ability to capture uncertainty more accurately and make
robust decisions that perform well under various scenarios.

Integration Benefits: The integrated model provides significant advantages over
sequential planning approaches, with cost improvements averaging 8.98% as shown in
Table 7. This demonstrates the importance of coordinating production and distribution
decisions in paper manufacturing supply chains.

Scalability: The hybrid intelligent algorithm shows good scalability properties, main-
taining solution quality across different problem sizes while exhibiting reasonable compu-
tational times, as illustrated in Figure 1. The convergence analysis in Table 10 demonstrates
consistent algorithm performance across all problem instances.

Practical Relevance: The paper manufacturing specific results indicate that the model
can effectively handle industry characteristics such as grade specialization, facility utiliza-
tion optimization, and quality requirements, as demonstrated in Tables 8 and 9.

Robustness: The sensitivity analysis reveals that the approach provides robust solu-
tions across different uncertainty levels and confidence requirements, making it suitable
for practical implementation. The comprehensive analysis presented in Figure 2 and the
uncertainty level analysis in Table 6 confirm the stability of the approach across varying
operational conditions.

The research limitations include the assumption of independent fuzzy parameters and
the focus on a single-objective optimization framework. Future extensions could consider
correlation between uncertain parameters and multi-objective formulations incorporating
environmental and social factors.

6. Conclusions

This research presents a comprehensive integrated production—distribution planning
model for paper manufacturing under fuzzy uncertainty. The key contributions and
findings include the following:

1.  Development of a mathematical model that integrates production and distribution
decisions while explicitly handling fuzzy uncertainty through credibility theory.

2. Design of a hybrid intelligent algorithm combining genetic algorithms with fuzzy
simulation for effective problem solving.

3. Demonstration of significant cost improvements (12-18%) compared to deterministic
approaches and (8-9%) compared to sequential planning.

4. Validation through extensive computational experiments showing robustness and
scalability.

5. Industry-specific analysis demonstrating practical applicability to paper manufactur-
ing operations.

The proposed methodology provides paper manufacturing companies with a robust
framework for making production—-distribution decisions under uncertain conditions. The
fuzzy modeling approach offers flexibility in handling imprecise information while the
genetic algorithm provides efficient optimization capabilities.
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Future research directions include extending the model to incorporate multiple ob-
jectives, developing real-time optimization capabilities, and investigating the integration
of sustainability factors into the decision-making framework. The approach could also be
adapted to other manufacturing industries with similar characteristics.

The research contributes to both theoretical understanding of fuzzy optimization in
supply chain management and practical tools for industrial implementation, bridging the
gap between academic research and industry needs.
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