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ABSTRACT
This article introduces an innovative stochastic model that addresses a multifaceted supply chain planning challenge involving numerous products, periods, stages, and sites, while also taking into consideration the unpredictability of demand. The intended outcome of employing a two-stage stochastic linear programming methodology is to optimize anticipated return. The analysis encompasses an evaluation of finished and semi-finished product production and inventory levels, backorder quantities, and the quantities of goods that require transportation between upstream and downstream facilities. The resilience of the industrial supply chain plan is subsequently appraised utilizing statistical and risk-based criteria. In this article, a case study from the textile and apparel industry is utilized to illustrate the purpose of this paper: to compare and contrast a deterministic model with a proposed stochastic programming model.
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1.1 Introduction
Effective quality control procedures are essential in today's competitive market because of the importance of product quality. Quality control, as described by Montgomery (2017), is the use of a set of procedures to ensure that a product consistently meets specified requirements. Having secure consumers is good for business since it increases the company's credibility and sales. Strict quality control was proven to decrease mistake rates, increase customer retention rates, and increase output levels. Quality control is enhanced by the use of cutting-edge statistical methodologies and technology (Montgomery, 2017; Juran, & Gryna, 2013) such automation and machine learning.
In today's competitive world, it is essential to keep quality at a high level. Quality is more than just a benchmark; it's the bedrock of achievement and longevity. To meet and even surpass customers' expectations, businesses in the manufacturing, service, and creative sectors must strictly adhere to industry standards. Crosby's (2019) research revealed the cost-effectiveness and positive effects on customer satisfaction via first error-free outcomes by adhering to the "zero defects" philosophy. This idea demonstrates that a number of businesses need rigorous quality control methods. The 1999 study "To Err Is Human" by the Institute of Medicine stressed the need of stringent regulations to reduce the occurrence of medical mistakes and improve the security of healthcare for patients. Quality management systems in many different industries may take use of the guidance offered by ISO 9000 standards. Quality control is essential to the success of any brand. A company's bottom line might take a hit if consumers are unhappy with the product or service they get. It's crucial that high quality standards be maintained at all times. Focusing on quality allows businesses to better adapt to the ever-shifting business landscape and emerge as market leaders in areas such as customer happiness, cost effectiveness, regulatory compliance, and long-term viability. Consistency in product development is essential to ensuring client happiness and maintaining a trustworthy brand image. Quality control is a formidable challenge that calls for astute decision making.
Complex international supply networks provide a concern. Quality control is complicated because of the proliferation of suppliers from whom firms get their materials and components. Raw material fluctuations provide an element of uncertainty for manufacturers. The contemporary technological environment may generate tremendous gains, but it also poses obstacles. Rapid industrial technological improvement necessitates constant adaptation, since new processes may threaten quality control standards. Finding that sweet spot between originality and reliability requires a multifaceted strategy. Strict regulatory rules can add additional complexity. Organizations face a maze of compliance requirements across several markets with varying regulatory frameworks. Companies run the danger of legal trouble and low-quality products if they don't adhere to these standards. To solve these problems, businesses should put money into data analytics, automation, and quality management systems. Supply chains, businesses, and government agencies all need to work together to achieve standardization. We need to learn from our mistakes and adapt if we want to have lasting success and produce high-quality products.
2.1 This Section Provides a Comprehensive Evaluation of the Existing Literature
Deterministic approaches are often used in studies of multi-site production planning problems. Production planning in the textile and clothing supply chain was analyzed by Toni and Meneghetti (2010). The time efficiency of production is examined in relation to the duration of production strategy and the color of the system. An actual Italian industrial network case study was studied applying a simulation model. In 2017, Lin and Chen created a unified framework for the complicated nature of planning production across several stages, locations, and products. Daily and monthly time periods coexist in the model. Using a TFT-LCD as an example, the planning model is discussed. Paeizi et al. (2023) analyzed a Hong Kong-based multinational lingerie manufacturer's multi-site aggregate production planning challenge. Goal programming was the key to their success. The study's primary objectives were to minimize costs associated with hiring and firing employees, maximize profits, and control the extent to which import quotas were utilized too much or too little. To investigate cohesive strategy and scheduling in multi-site, multi-product batch operations, Shah and Ierapetritou (2012) used improved Lagrangian decomposition. The model predicts demand while minimising manufacturing, storage, shipping, and backorder costs. Zhang et al.'s (2023) approach extends to a wide range of objectives, stages, products, and time frames for use in a multi-site manufacturing network's production and transportation planning. The plan is to save costs without sacrificing quality. In most academic studies on multi-site production planning, deterministic approaches are favored. The planning of actual manufacturing, however, involves several unknowns. As a consequence, it is unrealistic to expect optimum outcomes from a model in which all parameters are perfectly understood.
Several approaches for dealing with uncertainty have been published in academic journals, and they are categorized by Sahinidis (2014) as fuzzy programming, resilient optimisation, stochastic programming, and stochastic dynamic programming. Numerous scholarly works, including Stranieri et al (2024) and Birge and Louveaux (2017), investigate the stochastic programming technique for uncertain supply chain planning problems. The proposed method splits the optimization problem's free parameters into two categories. The "here and now" decision elements of the first stage need to be established before any doubt may arise. After identifying uncertain parameters, second-stage decision variables are selected to address "wait and see" infeasibilities. The estimate of the objective function is the addition of the choice variables in the first stage and the anticipated recourse variables in the second stage.
Xu et al (2024) solved a multi-site, intermediate-term supply-chain planning issue subject to request uncertainty using two-stage stochastic programming. Decisions in production and logistics are also part of the supply chain. Logistics choices are delayed and cautious, utilizing a "wait and see" mentality, while production decisions are made promptly without considering hazards. There is just one phase in this model.
Leung et al. (2016) proffer a two-stage stochastic programming method to optimize medium-term production planning across many sites in the face of uncertainty. Initial projections include for both normal and extra hours of production, as well as things purchased from vendors and personnel expansions and reductions. Options for the second stage include stockpiles and unmet demand. The case study of a global lingerie firm headquartered in Hong Kong demonstrated the success of the technique. Karabuk (2018) examined a yarn production planning challenge in the textile industry supply chain under conditions of demand unpredictability. The author developed a stochastic programming model that included choices on the rover's basic layout, its frame, and the number of units to be produced. Managing stock is a method of allocating materials. The researchers arrived at a two-stage preprocessing procedure. The computational complexity of large-scale models is reduced and optimization is tackled by this method. The mathematical optimization models in these researches did not account for transportation.
Nagar and Jain (2018) looked at a supply chain planning issue related to a new product introduction, paying special attention to multiple time frames and demand uncertainty. The utilization of uncertainty is achieved applying a novel two-stage stochastic programming method. Decisions on production volume, raw material purchases, and capacity utilization tend to be made on the fly. Outsourcing, inventory management, and customer delivery should all wait until demand is understood. Stochastic programming with several iterations is then used to scale up the model. The problem of production-distribution planning for several products over multiple periods and locations was tackled by Mirzapour Al-e-hashem et al. (2011). Uncertainty in costs and demand in the mid-term is the emphasis here. A two-stage stochastic programming strategy was created to handle unknowable parameters. A challenging aggregate production planning issue including several locations, items, and time periods was created by Mirzapour Al-e-Hashem et al. (2011). To address this difficulty, a novel and powerful paradigm of multi-objective mixed integer nonlinear programming was created. One common criticism leveled at these works is that they only address part of the planning issue.
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Fig 1 The multi-site supply network environment of production industry
Products in the manufacturing sector are notorious for their short lifespans and unpredictable demand. By deducting estimated expenses from expected revenues, the goal of production supply network strategy is to maximize the predicted gain. Production, stockpiling, scarcity, and transportation expenses are all factors in the estimated overall cost. Considering the unpredictability of product demand, many decisions must be made, including how much to produce at each factory, how much to stockpile of completed or semifinished goods, and how to move resources from one plant to another.
The foundational assumptions of the multi-site supply chain planning model are as follows:
• 	No stock or backorder is expected to exist at the outset.
• 	It is believed that shortages of items will arise in each period due to the unpredictability of demand.
• 	Supposed the uncertain request proceed from a discrete distribution with a known probability, also the uncertainty is specified under a variety of circumstances.
• 	A distribution lag time is taken into consideration in sending the final goods to the consumers and semi-finished items among various factories of the network.
• 	While in transit, neither completed nor partially finished goods are lost or wasted.
We define the following indices, parameters, and deciding variables to create the mathematical model:
Indices
Li		Set of direct successor plant of i.
STj		Set of stages (j= 1,2, ..., N). 
i, i’	Production plant index (i,i’ = 1, 2 , ...,I) where i belongs to stage n and i’ belongs to stage n+1.
K		Product index (k = 1,2, ..., K).
T		Period index (t = 1,2, ..., T).
S		Outline index (s = 1,2,. . .,S). 
Decision variables
Pikt		Production amounts of product k at plant i in period t in regular-time.
		Amounts of end of period inventory of product k for scenario s at plant i in period t.
	Amounts of end of period inventory of semi-finished product k for scenario s at plant i in period t.
	Backorder amounts of finished product k for scenario s in period t.
	Amounts of product k transported from plant i to i’ in period t.
	Amounts of product k transported from the last plant i to customer for scenario s in period t.
Qi,k  		Amounts of product k received by plant i for scenario s in period t.
Parameters
		Unit cost of production for product k in regular-time at plant i
		Unit cost of transportation between plant i and i’ of production for product k.
	Unit cost of transportation between the last plant i and the customer.
		Unit cost of inventory of finished or semi-finished product k at plant i.
		Unit cost of backorder of product k.
		Unit sales price of finished product k.
		Production capacity at plant i in normal working hours in period t.
	Transportation capacity at plant i in period t.
	Demand of end product k for scenario s in period t.
		Time needed for the production of a product entity k [min].
DL 		Delivery time of the transported quantity.


		The occurrence probability of outline s where

3.1  Proposed two-stage stochastic programming model
The deterministic model is unable to maximize predicted net profit because of the unpredictability of demand for the final product. A two-stage stochastic programming paradigm is advocated for successfully integrating and accounting for uncertainty throughout the decision-making process. It is crucial to remember that the stages of a stochastic programming model do not rely on the passage of time, but rather relate to different types of decision-making. There is no way to predict how much time will pass between now and when production begins at a given site or how much product will need to be moved between production stages because of manufacturing wait times. To some extent, "wait and observe" decision-making may be used to manage stock levels, backorder levels, and the distribution of completed goods to customers.
Therefore, the following is the formulation of the two-stage stochastic programming model. In order to maximize anticipated gain, (1) takes into account both income forecasts and expenditure forecasts. Estimating revenue and costs requires taking into account the likelihood of each possible outcome. Transporting semi-finished commodities between upstream and downstream processes and delivering final products to clients all factor into the overall cost.

(1)

Equation (2) is the proportion for the inventory level of products in each production stage except the last stage

Equation (3) illustrate the proportion for end of period inventory in the last production stage.

constraint (4) illustrate the inventory proportion for the semi-finished products.

Equation (5) illustrate the proportion constraint for deficiency in finished product demand.

Equation (6) yield the proportion for transportation among different production plants.

Equation (7) make sure the production size is applaud.

Equation (8) is the storage capacity constraint.

Equation (9) ensure that the transportation capacity is applaud.

Equation (10) illustrate the non-negativity restriction on the decision variables.
					(10)
3.2. Stochastic Programming Algorithm
The following part covers the key steps of the two-stage stochastic programming technique utilized to solve the provided model.
Step 1: The first step is to make a decision on how much of each product will be manufactured at each unit and how much will be moved between the upstream and downstream facilities.
Step 2: Determine the cost of the initial stage, denoted as Cost1.

Step 3: In the third step, which occurs at the start of stage two, every uncertain demand is realized.
Step 4: Following the evaluation of the initial assessments in the first stage and the manifestation of uncertainty in stage 2, it is imperative to formulate the decisions for the second stage. This is accomplished upon reaching the conclusion of stage 2. These determinations consist of ascertaining the optimal quantities of inventory and backorder items, in addition to the quantity of products to be delivered to the client.
Step 5: calculate the second-stage outline cost, Cost2s as well the outline revenue, Revenues.
The second-stage outline cost is equal to:

The revenue of each outline is given by:

Step 6: Compute the expected total gain E[Gain] as follows:

The two-stage programming model under consideration is obtained by applying the stochastic programming method for multistage stochastic programmes with recourse available in Lingo 14.0 software.

4.1. Computational Experiments
Here, we use real data from the textile and apparel industries to assess the strengths and weaknesses of the stochastic model in comparison to the deterministic model. The input data for the subject matter is described in the industrial example. Using stochastic programming parameters, the section under "Computational results" computes both deterministic and stochastic solutions to the model and draws comparisons between the two. Academic literature (Kall and Wallace, 1994; Birge and Louveaus, 1997; Awudu and Zhang, 2013) also often use the deterministic model to assess the stochastic programming model. The random parameters are expected to be precisely given when dealing with the deterministic model, therefore only the most likely possibility is examined.
We employ statistical and risk metrics to assess the robustness of the proposed model using simulation results, as mentioned in the section under "robustness evaluation." A random sample of client demand is used to validate these findings in the further case studies section. LINGO 14.0 and MS-Excel 2010 were utilized on a PC with an INTEL(R) Core (TM) CPU and 2 GB of RAM to perform the studies.
4.2. Industrial Case Description
Here we provide empirical information gathered from a Tunisian SMEs involved in the textile and garment industries. The planned horizon is two months, therefore each week is one week. We may make educated guesses about the future of the economy based on historical sales data and anticipated long-term and short-term contractual commitments. Demand for P1 and P2 final products in the market is shown in Table 1. Plant indicators are included in Table 2. Unit production capacity are shown in Table 3. Production output declines as a result of employee absences. Table 4 illustrates inventory and production unit costs. Table 5 displays the unit cost and capacity of transportation. Table 6 displays typical cycle times for a wide variety of manufacturing operations.
Table 1- Scenario-wise profit distribution across periods T6–T8, showing product profits (P1, P2) and associated profit shares (πs)
	


Scenario
	Period

	
	T1 → T5
	T6
	T7
	T8

	
	P1
	P2
	P1
	P2
	πs
	P1
	P2
	πs
	P1
	P2
	πs

	1
	0
	0
	1880
	1784
	0.25
	1840
	1848
	0.2
	1944
	1768
	0.16

	2
	
	
	2120
	2016
	0.28
	2184
	2216
	0.32
	2176
	2024
	0.24

	3
	
	
	1488
	1240
	0.16
	1544
	1632
	0.12
	1560
	1488
	0.2

	4
	
	
	992
	816
	0.16
	944
	848
	0.16
	808
	744
	0.2


P1: product 1, P2: product 2.

Table 2. Plant indices and description
	Plants
	Description

	B1
	sewing and dyeing stage– Subcontractor1

	B2
	Carving- TE-INTER

	B3
	crocheting Subcontractor2

	B4
	Cloth processing- TE-INTER

	B5
	Cloth processing –Subcontractor3

	B6
	Cloth processing –Subcontractor4

	B7
	Cloth processing –Subcontractor5

	B8
	bundling- TE-INTER




Table 3. Production capacity per week [min].
	Plants
	Period

	
	T1
	T2
	T3
	T4
	T5
	T6
	T7
	T8

	B1
	46080
	43776
	46080
	48384
	43776
	43776
	41472
	43776

	B2
	23040
	25344
	27648
	20736
	25344
	18432
	23040
	18432

	B3
	34560
	32256
	36864
	29952
	32256
	32256
	34560
	32256

	B4
	69120
	62208
	59904
	66816
	62208
	66816
	71424
	66816

	B5
	25344
	27648
	20736
	23040
	27648
	29952
	25344
	29952

	B6
	43776
	39168
	36864
	48384
	39168
	50688
	41472
	50688

	B7
	13824
	16128
	16128
	11520
	16128
	13824
	18432
	13824

	B8
	13824
	16128
	11520
	13824
	16128
	18432
	16128
	18432



Table 4. Unit production cost and inventory unit cost.
	Unit Price
	Product
	Plants

	
	
	B1
	B2
	B3
	B4
	B5
	B6
	B7
	B8

	cp
	P1
	1.376
	0.576
	0.72
	1.4
	1.52
	1.32
	1.2
	0.304

	
	P2
	2
	0.456
	1.136
	2.08
	1.84
	2.264
	1.68
	0.232

	cs
	P1, P2
	0.24
	0.08
	0.12
	0.096
	0.08
	0.088
	0.08
	0.16



Table 5. Unit cost and capacity of transportation per week.
	Plant i → Plant j
	Capacity (captr)
	Unit Cost (ct) (P1, P2)

	B1 → B2
	7280
	0.48

	B2 → B3
	6960
	0.36

	B3 → B4
	6000
	0.296

	B3 → B5
	6000
	0.416

	B3 → B6
	6000
	0.52

	B3 → B7
	6000
	0.272

	B4 → B8
	-----
	0

	B5 → B8
	2000
	0.392

	B6 → B8
	4000
	0.28

	B7 → B8
	1200
	0.216

	B8 → Customer
	8000
	0.4



Table 6. Processing time [min].
	Product
	Plants

	
	B1
	B2
	B3
	B4
	B5
	B6
	B7
	B8

	P1
	6.4
	3.2
	3.6
	8.8
	8.4
	9.6
	10.4
	2.4

	P2
	8
	2
	5.2
	13.2
	12.4
	11.2
	12.8
	2



4.3. Computational Results
Researchers employed two well-known stochastic proceedings, the awaited value of perfect information (EVPI) and the value of stochastic solution (VSS), to analyse how unknown elements affect planning decisions (Birge and Louveaus, 1997). The Expected Value of Perfect Information (EVPI) measure estimates financial loss or gain in uncertain scenarios. Determine the calculation:
EVPI= WS –TSP									(15)
The objective value of a two-stage stochastic programming model is TSP, whereas the "wait and see" model is WS. The WS model includes linear programming models. A scenario underpins each model. To solve the WS model, weight each event depending on its probability. The suggested approach would optimise decision-making regardless of ambiguous parameters, which is impossible in reality.
The VSS parameter measures the financial advantage from solving the two-stage stochastic programming model vs the deterministic model. A positive Variance of Stochastic Solutions (VSS) shows that stochastic programming solutions are better than deterministic ones. The phrase means:
VSS= TSP- EEV									(16)
Where EEV  illustrate the planned remedy of deterministic model.
The EVPI is then calculated: EVPI=WS-TSP= 127716.8-109267.2 = 18449.6.
In Table 7, the Expected Value of Perfect Information (EVPI) to Worst-Case Scenario (WS) ratio is 14.45%. This suggests product demand unpredictability affects solution production significantly. Thus, more precise demand estimates are beneficial. TSP - EEV = 109267.2 - 101688.6 = 7578.6 to calculate the VSS (Variation of Sum of Squares). Table 7 shows that a two-stage stochastic model yields 7.45% more than a deterministic approach.
Table 7. Stochastic programming parameters
	WS
	TSP
	EEV
	EVPI=

WS-TSP
	VSS=

TSP-EEV
	
EVPI/WS (%)
	
VSS/EEV (%)

	127717
	109267
	101689
	18450
	7579
	14.5%
	7.5%



4.3.1. Robustness evaluation
1.	Robustness evaluation metrics
To assess the resilience of the production planning, several statistical and risk criteria were used. The metrics may be classified as follows:
1.	Average value (µ). It is represented as:
[image: ]								(17)
Where	xi=1,N are the estimated of the sample items.
2.	Standard deviation of gain distribution (SD): It is a statistical measure of how far data points are scattered around the mean. Dispersion or variability increases as the standard deviation increases. A low standard deviation means that the data points are near to the mean value. One such formulation is:
[image: ]							(18)
3.	Value at risk (VaR): it is a percentile-based metric widely used in the literature for risk measurement purposes. It is measured as the minimal return or the maximal loss of a production strategy over a specific time horizon at a specified confidence level(α). The VaR can be measured as the minimal portfolio return or the minimal gain at a pre-specified confidence level α as follows (Topaloglou and al 2002):
VaR(x,a)=min{u : F(x,u) ≥1 – a} = min{u : P{R(x,)≤ u} ≥1 – a}.		(19)
Where  : the return vector,  = (1, 2 ….n)T
R: Uncertain return of the portfolio at the cease of the holding period.
F: Distribution function and F(x,u) = P{R(x,) ≤ u}
Conditional value at risk (CVaR): It is also known as the average shortfall,  average excess loss, and tail VaR. It is a more consistent and understandable approach of risk than the VaR since it gives more details about the mean loss which transcend the VaR. Topaloglou et al (2002) have introduced a general interpretation of the CVaR for continuous and discrete distributions as shown:
            Σ       ps

Where z = VaR(x,a) ;
ps: Associated probability to the return value s (1 , 2 ….ns)T under a scenario s.
Both VaR and CVaR are computed for different risk level (⍺): 0.85, 0.9, and 0.95.
2.	Measurement of robustness
A total of 64 distinct cases were used to answer the case study problem. In Figure 2, we see the deterministic and two-stage stochastic models' corresponding profit distribution results. A risk assessment research is performed using these distributions by contrasting them and evaluating the robustness of the production strategy in stochastic and deterministic models.
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Figure 2. Gain distributions for stochastic and deterministic model
We use these distributions to determine the mean, standard deviation, VaR, and CvaR values for various risk levels (𝘢=0.85, 𝘢=0.95, 𝘢=0.9) as given in Table 8. For the two-stage stochastic and deterministic models, these findings provide standard deviations of 31623.55 and 23371.93. When uncertainty is included, the value spread is higher. Table 8 shows that stochastic programming model has a higher mean. However, VaR and CVaR are higher for deterministic models with varied coefficients (𝘢=0.9, 𝘢=0.95, 𝘢=0.99). The computational findings reveal that the stochastic model is less resilient than the deterministic one. A metric is created to quantify the stochastic model's performance increase over the deterministic model:
Improvement gap(%) = 100 		(21)
The mean value increased by 3%, while Value at Risk (VaR) decreased by -12.21%, -13.55%, and -18.41% for 𝑎 values of 0.85, 0.9, and 0.95, respectively. Conditional Value at Risk (CVaR) decreased by -13.79%, -16.53%, and -22.66% for α values of 0.85, 0.9, and 0.95, respectively, indicating resilience.
Table 8. Statistical and risk metrics of the stochastic and deterministic model
	Mod el
	SD
	Average
	VAR (85%)
	CVAR (85%)
	VAR (90%)
	CVAR (90%)
	VAR (95%)
	CVAR (95%)

	SPM
	31624
	102316
	68179.36
	53691.66
	57026.46
	45186.98
	42019.46
	32356.37

	DTM
	23371.93
	99335.22
	77661.97
	62281.20
	65963.17
	54134.27
	51502.07
	41838.98



Table 9. Improvement gap (%) of the stochastic model over the deterministic model
	Improvement gap (%)

	Average
	VaR

(85%)
	CVaR

(85%)
	VaR

(90%)
	CVaR

(90%)
	VaR

(95%)
	CVaR

(95%)

	3.00%
	-12.2%
	-13.8%
	-13.6%
	-16.5%
	-18.4%
	-22.7%



4.4.  Validation by other case studies
We performed simulations based on five different sets of industry data to test the claims made in Sections 6.2 and 6.3. In these data sets, we simulated customer demand using a randomization process. Following this, we get statistical and risk measures as well as stochastic programming parameters, as shown in Tables 10 and 11. The VSS is consistently positive, average 8.21%, as seen in Table 10. As a result, the stochastic model is 8.21% more effective than the deterministic one. Table 10 demonstrates how the average EPVI/WS ratio is 16.99% due to the influence of unknown factors on the solution model.
Table 10. Stochastic programming parameters under other industrial case studies.
	
Case
	
WS
	
TSP
	
EEV
	
EVPI=WS-TSP
	
VSS=TSP-EEV
	EVPI/WS (%)
	VSS/EEV (%)

	1
	114126.0
	94568
	87114.9
	19557.9
	7452.1
	17.1%
	8.6%

	2
	111782.2
	92836.5
	85592.06
	18945.7
	7244.44
	16.95%
	8.46%

	3
	117844.5
	100436.2
	94720.9
	17408.3
	5715.3
	14.77%
	6.03%

	4
	118476
	97928.61
	90186.84
	20547.39
	7741.77
	17.34%
	8.5%

	5
	108886.2
	88460.2
	80821.45
	20426
	7638.75
	18.76%
	9.45%

	Average
	16.99%
	8.21%



Table 11 shows that stochastic distributions have a higher standard deviation (SD) than deterministic distributions. Uncertainty increases dispersion and unpredictability. Table 11 shows the stochastic model has higher mean values. In addition, the deterministic model has greater Value at Risk (VaR) values in all scenarios except for 𝘢=0.85. Conditional Value at Risk (CVaR) values are larger in the deterministic model across all situations. Table 12 summarises the stochastic model's performance advantage over the deterministic approach. Performance increased 12.14% on average. However, the mean improvement in Value at Risk (VaR) is 3.03%, -2.90%, and -12.49% for 𝘢=0.85, 𝘢=0.9, and 𝘢=0.95. The mean enhancement in Conditional Value at Risk (CVaR) is -15.37%, -17.60%, and -21.04% for α values of 0.85, 0.9, and 0.95, respectively. The stochastic programming paradigm improves profitability, according to this finding. However, demand uncertainties in supply chain planning reduce result resilience compared to the deterministic model.
Table 11 Statistical and risk metrics of the stochastic and deterministic model under other industrial case studies.
	Case
	Mode l
	SD
	Average
	VAR (85%)
	CVAR (85%)
	VAR (90%)
	CVAR (90%)
	VAR (95%)
	CVAR (95%)

	1
	SPM
	23406.9
	97050.5
	72643.9
	47230
	62798.1
	41863.6
	46948
	33923.0

	
	DTM
	17741.0
	88384.7
	70125.8
	55110.3
	66031.0
	49676.2
	55164.9
	42139.6

	2
	SPM
	22272.0
	96518.2
	73067.7
	46287.0
	66306.1
	39318.9
	54116.2
	29463.1

	
	DTM
	16737.9
	86887.6
	71305.9
	53557.9
	64761.9
	48896.6
	59278.9
	38358.0

	3
	SPM
	20159.0
	103114.5
	84229.0
	59492
	69925
	57760.3
	62632.1
	50593.8

	
	DTM
	15841.1
	93216.0
	76409.1
	67315.9
	70747.8
	63257.4
	67106.8
	57079.9

	4
	SPM
	25292.5
	102639.0
	72848.1
	46808.4
	66464.8
	39823.2
	49599.9
	32448.4

	
	DTM
	18403.0
	89782.7
	69436.6
	56574.1
	64655.2
	51367.0
	56944.6
	42960.9

	5
	SPM
	26016.4
	91962.8
	60471.2
	38850
	48820.5
	34224.0
	39533.7
	25892.2

	
	DTM
	17235.9
	80065.8
	64373.9
	48624.0
	56515.9
	43604.9
	48957.8
	35317



Table 12 Improvement gap (%) of the stochastic model over the deterministic model under other industrial case studies
	Improvement gap (%)

	Case
	Average
	VaR

(85%)
	CVaR

(85%)
	VaR

(90%)
	CVaR

(90%)
	VaR

(95%)
	CVaR

(95%)

	1
	9.8%
	3.6%
	-14.3%
	-4.9%
	-15.7%
	-14.9%
	-19.5%

	2
	11.1%
	2.5%
	-13.6%
	2.4%
	-19.6%
	-8.7%
	-23.2%

	3
	10.6%
	10.2%
	-11.6%
	-1.2%
	-8.7%
	-6.7%
	-11.4%

	4
	14.3%
	4.9%
	-17.3%
	2.8%
	-22.5%
	-12.9%
	-24.5%

	5
	14.9%
	-6.1%
	-20.1%
	-13.6%
	-21.5%
	-19.3%
	-26.7%

	Average
	12.1%
	3.0%
	-15.4%
	-2.9%
	-17.6%
	-12.5%
	-21.0%



5.1. Conclusion
A textile and garment supply chain planning challenge is fully investigated in this article. We analyze multi-product, multi-period, multi-stage, and multi-location production and distribution networks with an emphasis on demand uncertainty. A two-stage stochastic model is developed to incorporate uncertainty into supply chain planning. A case study of a textile and garment supply network is used to evaluate the model's usefulness and longevity. Computational studies show that in the presence of variable demand, the stochastic programming model provides a greater projected profit and profit average value than the deterministic method. The deterministic model is more robust than the stochastic one. Developing more robust planning solutions in the face of uncertainty has great promise as an academic area. Stochastic programming-based risk management models may be able to assess this point of view.


Disclaimer (Artificial intelligence)
Option 1: 
Author(s) hereby declare that NO generative AI technologies such as Large Language Models (ChatGPT, COPILOT, etc.) and text-to-image generators have been used during the writing or editing of this manuscript. 
Option 2: 
Author(s) hereby declare that generative AI technologies such as Large Language Models, etc. have been used during the writing or editing of manuscripts. This explanation will include the name, version, model, and source of the generative AI technology and as well as all input prompts provided to the generative AI technology
Details of the AI usage are given below:
1.
2.
3.


REFERENCES
Birge J. R., & Louveaux, F. (2017). Introduction to Stochastic Programming. New York: Springer.
Bouchenine, S., & Ismail, M. (2024). A robust optimization approach model for a multi-vaccine multi-echelon supply chain. arXiv preprint arXiv:2403.16173. https://arxiv.org/abs/2403.16173
Crosby P. B. (2019). Quality is Free: The Art of Making Quality Certain.
Elfarouk, M., Wong, K. Y., & Ahmad, R. (2023). Stochastic closed-loop supply chain models: Literature review, recent developments, and future research directions. International Journal of Operational Research, 46(2), 187–212. https://doi.org/10.1504/IJOR.2023.132257                                 
Institute of Medicine. (1999). To Err Is Human: Building a Safer Health System.
Juran, J. M., & Gryna, F. M. (1993). Quality Planning and Analysis: From Product Development Through Use. McGraw-Hill.
Kall P. & Wallace, S.W. (1994). Stochastic Programming. John Wiley and Sons: Chichester
Karabuk S. (2018). Production planning under uncertainty in textile manufacturing.Journal of the Operational Research Society,59(4), 510-520.
Leung S. C. H., Wu, Y., & Lai, K. K. (2016). A stochastic programming approach for multi-site aggregate production planning. Journal of the Operational Research Society,57, 123-132.
Lin J.T., & Chen Y.Y. (2017). A Multi-site Supply Network Planning Problem Considering Variable Time Buckets - A TFT-LCD Industry Case. International Journal of Advanced Manufacturing Technology,33(9-10), 1031-1044.
Mirzapour Al-e-hashem, S. M. J, Baboli, A., Sadjadi, S. J., &Aryanezhad, M. B. (2011a). A Multiobjective Stochastic Production-Distribution Planning Problem in an Uncertain Environment Considering Risk and Workers Productivity. Mathematical Problems in Engineering, Article ID 406398, doi:10.1155/2011/406398.
Montgomery, D. C. (2017). Introduction to Statistical Quality Control. John Wiley & Sons.
Nagar L., & Jain, K. (2018). Supply chain planning using multi-stage stochastic programming.Supply Chain Management: An International Journal,13(3), 251-256.
Paeizi, M., Makui, A., & Pishvaee, M. S. (2023). A multi-stage stochastic programming approach for an inventory-routing problem considering life cycle. RAIRO – Operations Research, 57(5), 2971–2995. https://doi.org/10.1051/ro/2023037
Sahinidis N. V. (2014). Optimization under uncertainty: state-of-the-art and opportunities. Computers and Chemical Engineering,28 (6-7), 971-983.
Shah N. K., & Ierapetritou, M. G. (2012). Integrated production planning and scheduling optimization of multisite, multiproduct process industry. Computers and Chemical Engineering, 37, 214-226.
Stranieri, S., Fadda, E., & Stella, F. (2024). Combining deep reinforcement learning and multi-stage stochastic programming to address the supply chain inventory management problem. International Journal of Production Economics, 268, 109–122. https://doi.org/10.1016/j.ijpe.2023.109122
Toni A. D., & Meneghetti, A. (2010).The production planning process for a network of Firms in the textile-apparel industry. Int. J. Production Economics,65, 17-32.
Topaloglou N., Vladimirou, H., & Zenios, S. A. (2002). CVaR models with selective hedging for international asset allocation. Journal of Banking & Finance,26(7), 1535-1561
Xu, Yuxuan; Li, Yue; Zhang, Lifeng; Yuan, Zhihong. (2024). “Multi-Stage Stochastic Programming Under Endogenous Uncertainty of Integrated Sustainable Chemical Process Design and Expansion Planning.” ACS Sustainable Chemistry & Engineering, 2024, 12, 47, 17190-17209. 
Zhang, Y., Ge, Y., Yang, J., & Yuan, X. (2023). Designing a multi-objective closed-loop supply chain: A two-stage stochastic programming method applied to the garment industry in Montréal, Canada. Environment, Development and Sustainability. https://doi.org/10.1007/s10668-023-02953-3


image4.png
D @ @ Ooatchx @ Free x| @ Free x| ®Omo x| @Ik x | & ACi x | FY @4/ x | - Fath x | [ Mir x | @ Eect x | [ REV x

€ > C { A Notsecure | ijsom.com/article_2544_0c96c55690a8b29f35ce8a698d7bf091.pdf

1 Gmail > YouTube A Maps

article_2544_0c96c55690a8b29f35ce8a698d7b091.pdf

evaluate the robustness of the production planning of the stochastic and deterministic model

20.00% -

.
18.00% | " agesohastic mocel
16.00%
14.00%

§ 12.00%

® 10.00% [

g

& 8.00%

6.00% - \

2.00% - i

2.00% - .

0.00% <
's's'g
ggg
2 a
858

7900
13900 22
19900 =
25900

31900

37900
115900 PR
133900 P
139900

More

127900

Figure 2. Profit distributions for stochastic and deterministic model
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