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Abstract

Bi-objective stochastic constrained optimization problems (BSCOP) involve bi-objective
stochastic functions and deterministic constraints. BSCOP is NP-hard because of exponential
growth in computational complexity. A sim-heuristic algorithm can solve NP-hard problems,
where the simulation addresses model uncertainty and interacts with the metaheuristic
approach, which explores the search space to identify a near-optimal solution. A sim-heuristic
approach that combines leaf in wind optimization with ordinal optimization (LWOOQO), is
presented to solve BSCOP efficiently. The LWOO approach comprises three phases: surrogate
model, universal exploration, and local exploitation. The Kolmogorov-Arnold Network (KAN)
serves as a surrogate model to efficiently evaluate solution performance. In universal
exploration, a refined leaf in wind optimization is developed to select N promising solutions
from the whole search space. An advanced optimal computing budget allocation is utilized in
local exploitation to identify a near-optimal solution from the N promising solutions. The
LWOO approach is employed for production planning in reconfigurable manufacturing
systems. The purpose is to find the optimal system configuration, task allocation to the
workstation, and buffer allocation to simultaneously maximize expected throughput while
minimizing the total buffer capacity. A reconfigurable manufacturing system consisting of 3
workstations with 2 inter-station buffers serves as a practical example. The LWOO approach
was compared with four heuristic methods to validate the performance. Experimental results
demonstrate that the LWOO approach consistently produces optimal and reliable solutions
within a reasonable timeframe.
Keywords: Bi-objective stochastic constrained optimization, leaf in wind optimization,
ordinal optimization, Kolmogorov-Arnold network, optimal computing budget allocation,

reconfigurable manufacturing system.



Nomenclature

BSCOP Bi-objective stochastic constrained optimization problems
LWOO Leaf in wind optimization with ordinal optimization
RMS Reconfigurable manufacturing systems
00 Ordinal optimization
LiWO Leaf in wind optimization
KAN Kolmogorov-Arnold network
RLWO Refined leaf in wind optimization
AOCBA Advanced optimal computing budget allocation
CE Coarse evaluation
EE Rigorous evaluation
E[ f (x)] The i-th expected objective value
X=[X,.... X " K-dimensional solution
h(x)<H Inequality constraint
g(x)=G Equality constraint
LB=[LB,...,LB.]" |Lower limit
UB=[UB,,...,UB,.]" |Upper limit
f.(x) Sample average of i-th objective value
L Quantity of replications
f5(x) Estimate of the (th replication
F(x) Penalized function
a Weighting parameter
n Penalty parameter
L, Replications of rigorous evaluation
F (x) Penalized function using rigorous evaluation
R Number of sampling solutions
frean (X) Predicted output of KAN
¢p q ) Univariate functions
@,() Combined univariate functions
C Adaptive movement factor
P1 Threshold of breeze translation motion
P2 Threshold of breeze spiral motion
P3 Reset threshold
b4 Total number of leaves
L Maximum number of iterations
X! Position of the i-th leaf
thb Global best leaf position
C... Minimum of C
C.rox Maximum of C
P1 Minimum of P1




Pl .. Maximum of P1
P2 Minimum of P2
P2, . Maximum of P2
P3... Minimum of P3
P3,. Maximum of P3
CB Allowable simulation budget
N Number of promising solutions
L, Initial replications
L Replications assigned for the ith solution
A Specific given computing budget
v Speedup factor
S Number of workstations
T Number of tasks
M Available number of machines
M Minimum quantity of machines
M o Maximum quantity of machines
B, Safety buffer capacity
Brax Maximum buffer capacity
W, Quantity of machines for workstation s
X, Quantity of tasks for workstation s
B, Buffer capacity for buffer s
E [TH (W, X, b)] Expected throughput
w’ Optimal system configuration
X Optimal task allocation
b Optimal buffer capacity
F(w,x,b) Penalized function of RMS
Q Representative subset
rk Rank of a near-optimal solution in Q




1. Introduction

Bi-objective stochastic constrained optimization problems (BSCOP) involve bi-objective
stochastic functions and deterministic constraints [1]. The goal of BSCOP is to seek an
optimal design for optimizing the bi-objective stochastic functions subject to all constraints
[2]-[3]. BSCOP occurs across different applications, including reverse supply chain networks,
facility location, and production planning for reconfigurable manufacturing systems (RMS).
The BSCOP is a typical example of an NP-hard class. NP-hard problems are highly
challenging as they are not typically solvable within polynomial time, although any proposed
solutions can be efficiently verified in polynomial time.

Solving BSCOP is challenging due to its large search space, the computational effort
needed to estimate random bi-objective values, and the requirement to satisfy all constraints.
Real-life BSCOP are often large-scale and require high-quality solutions in a short time.
Metaheuristic approaches can generate near-optimal solutions for NP-hard problems in a short
computing time [4]-[9]. Metaheuristic methods implement global search to explore
near-optimal solutions. Most metaheuristics are stochastic, mimicking natural, physical, or
biological principles and resembling an optimization search process. Although metaheuristic
methods benefit from parallelization paradigms and different random search, they usually
assume that the objective function and constraints are deterministic. Mixing metaheuristics
with other methodologies is a good approach to resolve difficult BSCOP [10]-[11]. Among
them, sim-heuristic approaches provide a general technique integrating metaheuristics with
simulation to solve BSCOP [12]-[13].

Sim-heuristic approaches combine simulation techniques within a metaheuristic
optimization framework to address BSCOP. In sim-heuristic approaches, simulation
replications are performed to evaluate the objective values of solutions obtained by the

metaheuristic. Then, the feedback from the simulation is used to guide the metaheuristic



search process. However, the simulation is time-consuming during the metaheuristic search.
Two challenges arise regarding the solution provided by the metaheuristic. (i) Is this solution
good enough to invest an additional computing budget in a stochastic environment? (ii) How
much of the computing effort should be provided to achieve the required minimum level of
accuracy? Fortunately, ordinal optimization (OO) proposed by Y.C. Ho [14] is becoming a
relevant framework to address these two challenges. For the alignment probability equals 0.99,
the OO framework guarantees that an optimal solution will be provided, which is among the
top 3.5% of all solutions. OO frameworks have many applications, such as the sorting
conveyor systems [15], medical resource allocation [16], container freight station allocation
[17], and multiple-item inventory system [18].

In study [15], the process of optimizing shortcut layouts within a sorting conveyor system
is presented as a constrained optimization problem involving binary variables. To address this,
tensor-product B-splines is incorporated into the binary seagull optimization algorithm to
efficiently identify the optimal shortcut layout that maximizes system capacity. In study [16],
allocating hospital medical resources is modeled as a constrained bi-objective stochastic
optimization problem. A metamodel-based optimization approach that combines regularized
minimal-energy tensor-product splines with a driving training-based optimization is proposed.
The approach aims to determine the optimal allocation of medical resources, targeting the
simultaneous reduction of both the expected patient length of stay and the average cost of
medical waste. The study [17] aims to enhance the efficiency of shipping and receiving docks
at a container freight station within the air cargo sector, formulating the challenge as a
constrained integer optimization problem. Polynomial chaos expansion is incorporated into
golden jackal optimization to identify the optimal shipping/receiving docks, aiming to
minimize average truck waiting times while ensuring queue stability. Study [18] presents a

simulation-based optimization framework that embeds Monte Carlo simulation within a skill



optimization algorithm to identify the optimal stock levels of a multiple-item inventory
system, thereby minimizing the expected total cost.

To reduce the computational costs associated with BSCOP, a sim-heuristic approach that
combines leaf in wind optimization (LiWQ) [19] with ordinal optimization (OO), abbreviated
as LWOQO, is proposed to obtain a near-optimal solution in a reasonable time. The LWOO
approach consists of three phases: surrogate model, universal exploration, and local
exploitation. The Kolmogorov-Arnold Network (KAN) [20] serves as a surrogate model to
efficiently evaluate solution performance. A refined leaf in wind optimization (RLWO) is
developed to perform universal exploration and select N promising solutions from the entire
search space. An advanced optimal computing budget allocation (AOCBA) is developed in
local exploitation to identify a near-optimal solution from the N promising solutions. In
universal exploration, the RLWO provides greater exploration because solutions are attracted
to different regions of the search space. In local exploitation, AOCBA provides more accurate
performance estimates for currently promising solutions. These three phases can effectively
reduce the computing budget needed to solve BSCOP.

The advantage of sim-heuristics is that only a subset of promising solutions needs to be
simulated. This benefit is significant in population-based algorithms. Because they are based
on fast constructive heuristics, they can generate a large number of high-quality promising
solutions in a very short time. The proposed LWOO approach effectively balances the
computational budget of sim-heuristics between optimization and simulation. Consequently,
RLWO assisted by KAN can quickly guide optimization toward more promising solutions.
However, when RLWO stagnates, switching from optimization to simulation may be more
beneficial. The key to the practical application of sim-heuristic lies in determining when to
switch from optimization to simulation. Switching too early reduces the likelihood of finding

a better solution, while switching too late increases the likelihood of selecting a poorer one.



Accordingly, the AOCBA is developed to enhance simulation efficiency within a given
computing budget.

The LWOO approach is employed for RMS production planning [21]-[22]. In a small and
diverse consumer market, manufacturers' adaptability to diverse demand, speed of market
response, and product quality are essential. When facing the needs of different customers,
how should manufacturers respond to this market environment? The most crucial factor is the
flexibility of manufacturing equipment. The most important feature of the RMS is its
reconfigurability, which enables the system to quickly adjust output products or production
capacity in response to customer needs or market changes. Therefore, the RMS provides
manufacturers with a high degree of flexibility, helps the manufacturing industry transform in
the post-epidemic era, and enables quick response to market changes. The production
planning of RMS can be mathematically modeled as a BSCOP. This study makes the
following two contributions. The first is to propose an LWOO approach for BSCOP to find a
near-optimal solution quickly. The second is applying the LWOO approach to determine the
optimal task assignment to the workstation and the buffer allocation to maximize expected
throughput while minimizing RMS's total buffer capacity.

The structure of the paper is organized as follows. Section 2 introduces the LWOO approach,
designed to identify near-optimal solutions for BSCOP. Section 3 focuses on the production
planning within the RMS, which is formulated as a BSCOP and addressed using the LWOO
method. Section 4 outlines the conducted experiments, analyzes the results, and evaluates
performance against four heuristic approaches. Lastly, Section 5 concludes the paper and
highlights directions for future research.

2. Sim-heuristic Approach
2.1 BSCOP

A typical BSCOP has the following form.



min {E[ f,()].E[ f,(x)]} (1)

subjectto h(x)<H, 2
g(x)=G, 3
LB<x<UB. 4)

where X =[x,...,X]"

denotes a K-dimensional solution, E[f(x)] depicts the i-th
expected objective value, h(x)<H depicts the inequality constraint, g(x) =G depicts the
equality constraint, and LB:[LBI,...,LBK]T, UB:[UBl,...,UBK]T represent the lower and
upper limit, respectively. An adequate number of replications is conducted to estimate
E[fi (x)] in an exact model. The sample average approximation is an approach that is

frequently employed to evaluate E[f,(x)], where L depicts the number of replications, and

f°(x) is the performance of the ¢ th replication.
_ 1<& ‘
fi(x) = EZ fi (x) (5)
=1

A large value of L can evaluate E[f (x)] more accurately. Therefore, we consider two

targets: (i) L should be large enough to obtain an accurate evaluation of E[ f, (x)], (i) ()

can be estimated for different solutions to select the best solution.

A common way to combine bi-objective values into a single objective value is the
weighted sum method [23]. A common method for managing constraints in stochastic
optimization involves the use of penalty functions [24]. These functions incorporate a penalty
into the objective function whenever constraints are violated. As a result, we derive the

following penalized function.
min F(x) :%.[a.i flf(x)+(1—a).ZL“ fz‘(x)}+%-[(max{0, h(x)-H })2 +(g(x)—G)1 (6)

where o denotes a weighting parameter, # indicates a penalty parameter,
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(max{O,h(x)— H})2 is the quadratic penalty function for inequality constraint, (g(x)—G)2
is the quadratic penalty function for equality constraint, and F(x) depicts a penalized
function.

The superiority of the OO framework is that it can distinguish good solutions from bad
solutions even when using a surrogate model. Thus, the rank of performance remains largely
unaffected by substantial approximation errors. However, the penalty method is the simplest

for constrained optimization; an enormous value 7 can guarantee an apparent discontinuity
in the penalized function for bad solutions. Let L, represents the tremendous number of
replications, and the rigorous evaluation of (6) is obtained when L=L,. Let F,(x) denote

the penalized function of a solution x through rigorous evaluation. To efficiently identify N
promising solutions within the search space in a reasonable timeframe, a metaheuristic
method assisted by a surrogate model is presented. The surrogate model utilizes KAN, and the
metaheuristic method adopts RLWO.
2.2 KAN

A surrogate model is a simplified model to approximate the behavior of a more complex
system or process. There are several methods for constructing surrogate models, such as
polynomial chaos expansion [25], extreme learning machine [26], support vector regression
[27], physics-informed neural networks [28], kriging [29], and KAN [20]. Kernel networks
map data to higher-dimensional feature spaces using a kernel function, such as a radial basis
function. Unlike traditional neural networks, which learn representations across multiple
layers, kernel networks focus on computing similarities between data points to generate
predictions. KAN shifts the learning paradigm from traditional, static node weights to dynamic,
learnable activation functions on the edges. Rather than relying on fixed scalar multiplication,
KAN employs a collection of univariate functions, such as B-splines, to transform features as

they propagate through layers. KAN was proposed by a research team from MIT, Caltech,
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Northeastern University, and the Ohio State University, led by authors Z.M. Liu, Y.X. Wang, S.
Vaidya, F. Ruehle, J. Halverson, M. Soljaci¢, T. Y. Hou, and M. Tegmark [20]. KAN has
recently emerged as a novel approach to function approximation, offering interpretability,
efficiency, and adaptability. KAN employs learnable activation functions directly on the edges.
Basis functions, including B-splines, wavelets, and radial basis functions, are used to construct
activation functions. Somvanshi et al. demonstrated that KAN can enhance computational
efficiency, adaptability, and interpretability for complex function approximation tasks, and that
its applicability is growing in dynamic environments [30]. KAN incorporates learnable
activation functions at the edges of the network, which help adapt to the data distribution and
dynamically improve generalization capabilities. It can improve scalability and optimize
parameter efficiency across various applications, such as function approximation,
classification, curve fitting, prediction, and time series forecasting. Thus, a KAN serves as a
surrogate model designed to evaluate the performance of a given solution efficiently.

The training data include (x,,F.(x,)), r=1..,R, where R denotes the quantity of
random sampling solutions, and x,, F,(x,) denote the r-th sampling solution and the
corresponding penalized function obtained by rigorous evaluation, respectively. The KAN
model aims to minimize the discrepancy between the network's predictions f,,,(x) and the
actual target values F,(x) through training on sample data. Figure 1 displays the network

structure of a KAN. A typical KAN is described below.

fKAN (X) = ilq)p [ZK: ¢p,q (Xq)J (7)

q=1

T denotes a solution, K is the

where f,,,(X) is the predicted output, X=[x,X,,...,Xc]
dimension of a solution, ¢p,q(-) are the univariate functions, and ® () takes the univariate

functions and combines them. K neurons are in the input layer, 2K+1 neurons in the hidden



layer, and one in the output layer. There is no linear weight in KAN. Each edge in a KAN
represents a univariate function parameterized as a spline, enabling dynamic, fine-grained

adjustments.

X 2K+1 K
2 4 fran () = Z (Dp(z¢p,q(xq)J
p=1 g=1

Fig. 1 Framework of a KAN.
Any splines can be adopted in the KAN. The usual choice of learnable activation function
used by KAN is the B-splines. B-splines offer greater smoothness and flexibility for modeling

complex functions. The B-splines are defined as follows.

D(x)=Q" -By(x) (8)
where Q depicts a vector of coefficients, and B, (x) represents a vector of functions where
each component is a piecewise polynomial.

The KAN is trained off-line using the R random sampling solutions. Once the KAN is
off-line trained, the network's predictions f,,,(X) can be computed simply for a given Xx.
2.3 RLWO

With the assistance of the KAN, novel metaheuristic approaches can be used to explore the

entire search space and seek N promising solutions. Because the LiWO is designed to

balance exploration and exploitation, it consistently meets applicable requirements. LiWO



was proposed by researchers N. Fang and Q. Cao [19]. The convergence analyses and
statistical comparisons conducted on three benchmark test suites demonstrate that LiWO
consistently achieves superior performance compared with ten existing optimizers. Sellam et
al. proposed a modified LiWO for hyperparameter tuning to assess the plant health and
environmental monitoring [31]. Thiyagarajan et al. applied LiWO to assist in early breast
cancer diagnosis, reducing the risk of overfitting through fine-tuning of the model's
parameters [32]. Divya et al. utilized the LIWO approach to optimize hyperparameters for an
accuracy-enhancing diagnostic system [33]. Amanullah et al. adopted LiWO to optimize the
weight parameters of binarized spiking neural networks of weather prediction [34].

The inspiration for LIWO comes from the dynamic behavior of falling leaves, whose
motion is governed by wind forces and translational and rotational movements. Influenced by
external forces, falling leaves repeatedly adjust their posture and trajectory as they descend
from considerable heights. The falling process represents the successive stages of leaf motion,
whereas landing corresponds to the leaf’s final state. The motion of falling leaves is
characterized by oscillations, rolling and spiral trajectories, along with unpredictable
transitions between these states, including random events and abrupt changes in velocity.
Therefore, the optimization problem can be effectively solved by simulating the motion of the
descending foliage. In this context, the solution space corresponds to the leaf motion domain,
with each leaf representing an individual in the optimization process. During the optimization
process, wind emerges as the primary factor driving the constant motion of leaves in space.
Falling leaves in a dynamic environment are influenced by two distinct types of wind: gentle
breezes and strong winds. The winds arise unpredictably, setting the leaves in motion, though
they do not occur simultaneously.

However, LIWO often suffers from premature convergence due to rapid diversity loss. The

RLWO is proposed to address these limitations. First, a population is generated by random
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initialization, and the fitness of each leaf is calculated. Leaves constantly move, influenced
either by gentle breezes or strong winds. During this motion, they are affected by external
forces, with strong winds presumed to occur randomly across the spatial area. The following
four operations are iteratively performed: (a) determining the global best leaf during each
movement; (b) dynamically adjusting the adaptive movement factor and three thresholds; (c)
breeze driven leaf; and (d) strong wind driven leaf. Leaves carried by a gentle breeze often
display a combination of translational and spiral motions. However, not all leaves are
influenced by the breeze. The threshold of breeze translation motion, P1, and the threshold of
breeze spiral motion, P2, are introduced.

In each iteration, a leaf x, randomly generates a random number R1. If R1 is greater than
P1, the breeze drives the leaf. The leaf x; exhibits translational motion, resulting in position
updates driven by the effect of a mild breeze. At the same time, each variable x;, of this leaf

also randomly generates a random number R2. If R2 is greater than P2, this variable exhibits
spiral motion, updating its position under the influence of a gentle breeze. On the other hand,
if R1 is less than P1, this leaf is driven by strong wind. Compared with gentle breezes acting
on foliage, strong winds are proposed to influence leaves by inducing changes in a distinct
one-dimensional spatial position. Only a single dimension was impacted, while the others
remained unaffected. A randomly selected variable influenced by strong winds was analyzed,
leading the leaves to experience unidirectional displacement. In addition, the reset threshold
P3 is introduced. Each leaf randomly generates a random number R3. If R3 is less than P3, a
variable is chosen at random to adjust its position, ensuring the diversity of leaf placement is
maintained even under the influence of strong winds. In the LiWO, the three thresholds are
fixed, leading to premature convergence.

The core concept of the RLWO is to dynamically adjust the adaptive movement factor and

the three thresholds for convergence, diversity, and uncertainty throughout the iterative
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process. The adaptive movement factor C is dynamically adjusted to make the translation and
spiral motion of the leaves more flexible. The three thresholds are also dynamically adjusted,
including the breeze translation motion P1 threshold, the breeze spiral motion P2 threshold,
and the reset threshold P3. Common mathematical functions, such as linear, exponential,
quadratic, and polynomial, can be used to model dynamic adjustment. Although the
quadratic and polynomial functions have more terms, they will require more algorithmic
parameters. Compared to a linear function, an exponential function allows for more flexible
modeling of the balanced trade-off between diversification and intensification. The control
functions for the adaptive movement factor and the three thresholds are developed based on
the control parameters of the exponential particle swarm optimization algorithm, providing a

framework for defining the adaptive adjustment mechanism [35].
The first step in RLWO is to encode a leaf's position. We use X =[x,,..., X ]' to represent
the decision variable as the position of a leaf. The fitness is the objective value F(x). The

second step is to assign initial positions to the initial population randomly. The third step is to
evaluate the fitness of each leaf, sort these leaves in ascending order according to their fitness,
and select the leaf with the smallest fitness as the global best leaf. The fourth step is to adjust
the adaptive movement factor and the three thresholds dynamically. The fifth step is that the
breeze drives the leaves to update their positions. The sixth step is that strong wind drives the
leaves to update their positions. The seventh step is to use the greedy method to update each
leaf's position. The eighth step is to check whether the stopping condition is met. The search
process is stopped once it has completed the maximum number of iterations.

The notations employed in RLWO are outlined below: ¥ represents the total number of
leaves, and t _, is the maximum number of iterations. At the t-th iteration,

X =[X 1 X 17 and Xy, =[Xg1.-0 X5 17 represent the i-th leaf and the global best leaf

positions, respectively; C'e[C . ,C represents the adaptive movement factor, and

max]
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[C.in»Ciax] is the range of adaptive movement factor; PI e[P1,,,,P1,.] represents the

threshold of breeze translation motion, and [Pl ,P1 ] is the threshold range of breeze

translation motion; P2' €[P2 . ,P2__1 represents the threshold of breeze spiral motion, and

min ?

[P2,..,P2..] isthe threshold range of breeze spiral motion; P3'e[P3 . ,P3,,] represents

min ? min ?

the reset threshold, and [P3,,,,P3,,] is the range of reset threshold.
Algorithm I: The RLWO
Step 1: Set parameters

Define the values of ¥, t .., [C.i'Crsls [Pluin: Plin]s [P2hins P2l [P3iins P3

max]’

and set t=0, where t denotes an iteration variable.
Step 2: Initialization

x; =LB+| rand[0,1]-(UB-LB) |, i=1..,¥. 9)
where LB and UB represent the lower and upper limit, respectively, U is a floor function,

and rand[0,1] depicts a random floating number within the range [0, 1].
Step 3: Selection of the global best leaf

(a) Determine the fitness F(x;) of the ith leaf assisted by KAN, i=1..,¥.
(b) Determine the global best leaf x;b with the smallest fitness.

Step 4: Adjust the adaptive movement factor and three thresholds

Ct:Cmm+(Cmax—Cmm)-exp(ln[—c’“i”j-—t j (10)
Cmax tmax
P1 t
PL'=P1_ +(PL, —P1_)-|1—exp| —mx. 1
min ( mMax mm) [ pElein tmax ]] ( )
P2 t
P2'=P2, _ -exp| — |——m& . 12
" p( I:)2mir1 tma\x] ( )
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P3—P3 +(P3_ —P3_)-exp (1—“%} (13)

Step 5: Breeze driven leaf

(a) If rand[0,1]>P1" for x;, perform breeze translation motion.
X" x}+Lrand[O,1] -(Xgp —xts)J (14)
where s=i isarandomly selected leaf.

Else, go to Step 6.
(b) For k=1,..,K, if rand[0,1]<P2" for the k-th dimension of X, perform breeze spiral
motion.

new

Ut t t t
Xik =Xk +LC "Xi,k — X5k

-sin(rand[0, 2])- rand[O, 27[]J (15)

where s=i is a randomly selected leaf, and rand[0,27] depicts a randomly generated value

uniformly distributed over the range [0, 2x].
Step 6: Strong wind driven leaf
(a) For a random k-th dimension of x;, perform strong wind translation motion.

X" =X\, +| rand[0,1]- (x{, ;) | (16)
where s=i is a randomly selected leaf. If rand[0,1]<P3' for a random k-th dimension of
X; , perform reset.

X'y = LB, +| rand[0,1]-(UB, —LB,) | a7
Step 7: Renew the position of the ith leaf

If x'%' <LB,, set x\'=LB,, else if x">UB,, set x"=UB,, i=1..,¥, k=1..,K.
Compute F(x™") using KAN. If F(x™)<F(x}),set x™=x"".
Step 8: Termination

If t>t ., , terminate; else, update t=t+1 and returnto Step 3.

14



When the iteration variable exceeds the maximum allowed iterationst the RLWO is

max 1
terminated, and all leaves are ranked according to their fitness. Subsequently, a subset of
candidate solutions is constructed by selecting the most N promising alternatives.

In the OO framework, N represents the candidate subset size and plays a critical role in
balancing computational efficiency with the likelihood of identifying the true optimal
solutions. Selecting an appropriate value for N is crucial, as it involves balancing processing
speed and the probability of capturing the true best outcomes. The goal is to ensure that the
candidate subset has a significant overlap with the actual optimum, achieving high alignment
probabilities. A smaller N dramatically reduces resource consumption because the AOCBA
only evaluates a limited number of potential solutions. However, it increases the risk of
missing the true optimal solutions due to errors or noise in the KAN model. Conversely, a
larger N enhances computational demands, requiring the AOCBA to run more replications.
This not only boosts the likelihood that the candidate subset contains the actual optimum but
also serves as a safety measure against inaccuracies stemming from KAN estimates.

The computational complexity of RLWO is predominantly determined by two phases:
population initialization and the leaf-position update phase. During population initialization,

the computational complexity is O(¥), where ¥ represents the number of leaves. The

complexity solely attributed to fitness evaluation by KAN has not been considered in this
analysis. In the leaf-position update phase, the computational complexity depends on the

maximum allowed iterations (t__), the population size (¥ ), and the dimension of the BSCOP

max

(K). Consequently, the computational complexity for this phase can be expressed as

O, -¥-K). As a result, the overall computational complexity, integrating both the

population initialization and the leaf-position update phase, is calculated as

O((1+t,, -K)-¥).
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2.4 AOCBA
The OCBA was originally proposed by C.H. Chen in the mid-1990s [36]. The OCBA
strategically allocates computing budgets to reduce estimation variance for performance
metrics, making it a crucial tool for simulation experiments. However, the OCBA overlooks
the influence of the simulation budget, which is essential in tight budget allocation. A
near-optimal solution is determined in local exploitation using the AOCBA from the N
promising solutions. The primary focus of the AOCBA is to allocate more computational
resources to a select number of potentially critical solutions while minimizing efforts on less
significant ones.
More simulation budgets are allocated to crucial solutions whose means are closer to that of
the best solution. Let CB represent the allowable simulation budget, and L, depict the
replications provided to the ith solution. The initial replications provided to the N

promising solutions are L, . A specific given computing budget, A, increases at each iteration.

The purpose of the AOCBA is to assign CB to L, so as to asymptotically maximize the
N

probability of correct selection while satisfying Z L, =CB. The allowable simulation budget
i=1

CB is computed by CB= NXLe, where L, denotes the replications used in rigorous
14

evaluation, and v is a speedup factor [36].

Algorithm I1: The AOCBA

Step 1. Let 1=0, L'i:LO,izl,...,N. Calculate the allowable simulation budget

_NXLe
14

CB

N
Step 2. If z L'<CB, go to Step 3; else, the process is stopped, and the near-optimal solution

i=1
corresponding to the lowest objective value is selected.

16



Step 3. Determine the sample mean F' and the sample standard deviation & .

_ 1 &
I:il = FZ Fu (%)) (18)

i h=l

14 —=\2
= L3R F) @9
where x. represents the ith critical solution, F, (x.) indicates the performance of the hth

replication, and b=arg minF'.

N
Step 4. Include a predetermined budget A in ZL‘, and revise the new replications

accordingly.
| | : LI 2
L, =6, _72 (E‘.) (20)
IO IRYNNTRT(INES JNT) (21)
Lt Z ( )2 L (22)
L = L—@: (Eb: - EJ:)j L (23)
§-(R,-F))

Step 5. Perform max[0, L™ — L] additional replications for the ith critical solution, then

update the F'"* and & of additional replications by

=141 1 i
I:i - (L|i+1 . |—I.) h_;ﬁl l:h (Xi) (24)

Step 6. Update the F'** and &' of total replications

17



1
I_+1

Ifi|+1= (Llllfl| +(|_|i+1_|_|i)'|fi|+1) (26)

+1 1 =12 2 + 21412 ¥ ai1)? a2
@Il_\/(L'i”—l)'(Ll‘(Fil) HU-(!) + U= (R) -G-8 - L (R @)
Update |=1+1, then go to Step 2.
AOCBA exhibits a computational complexity of O(N -%). The total number of

replications performed by AOCBA is constrained by the available simulation budget (CB),
which specifies the allocated computational resources. This complexity arises from the
iterative allocation mechanism, in which simulation replications are distributed across N
alternatives over multiple cycles. In each cycle, the algorithm evaluates the alternatives and
updates the allocation strategy, requiring computational effort proportional to N. Since the
cumulative number of replications does not exceed the simulation budget (CB), the overall

computational complexity is O(N -%).

2.5 LWOO
Figure 2 provides a flowchart outlining the LWOO approach.
Algorithm I11: The LWOO

Step 1. Configure the values of R, ¥, t_, [C...Couls [PLins Plols [P24n: P2oad

[P3_, P3 N, L

e !

L,,and A.

min? max]'

Step 2: R x’s are randomly selected from the entire search space to estimate F,(x), after
which the KAN is trained offline using the sampled solutions.

Step 3: Randomly produce ¥ x’s and apply RLWO to these leaves assisted by KAN. Once
RLWO has terminated, the W Xx’s are sorted in ascending order of performance, and the
former N X’s are selected to form the candidate subset.

Step 4: AOCBA is employed on the candidate subset of N promising solutions, and the
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solution x~ with the best performance is chosen as the near-optimal solution.
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Fig. 2 Flow chart of the LWOO approach.

Because LWOO is built upon RLWO and AOCBA, the resulting computational

complexity is O((1+tmax -K)-W+N CTAB)] :

19



3. Production Planning of Reconfigurable Manufacturing Systems

3.1 Reconfigurable Manufacturing System

In a highly competitive manufacturing industry, companies often experience demand
fluctuations driven by seasonal trends, economic shifts, and changing consumer preferences.
RMS attempts to respond effectively and quickly to such competitive market demands
through the modular, scalable design of its machine components and system levels [37]. RMS
can quickly relocate material-handling equipment to respond to market changes. RMS is
critical for addressing dynamic production volumes because it enables manufacturing to
respond to product changes cost-effectively and rapidly. RMS provides greater modularity
and reconfigurability, enabling production to maintain functionality and capacity in line with
product demand. An example of an RMS consists of three workstations, each containing
multiple parallel, identical machines, as shown in Figure 3 [37]. The RMS configuration
accounts for two primary factors: the number of parallel machines and the sequence of tasks
processed at each workstation. The RMS configuration is mainly classified into two
categories based on the number of products produced: single-product flow line and
multi-product flow line. Only a single product is processed in a single-product flow line,
while a multi-product flow line produces various products. Multi-product flow lines are
becoming increasingly popular, especially in the automotive industry, enabling the production

of multiple products on the same line.
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Fig. 3 Reconfigurable manufacturing system.

Despite its advantages in managing demand fluctuations and scalable capacity, RMS
design involves NP-hard problems that can be addressed using simulation and optimization
techniques. The optimal design of an RMS requires addressing three issues: configuration
management, system components, and process planning. Configuration management manages
configuration items in a system, which strongly influences functionality and productivity.
Most research has focused on machine allocation at workstations. System components
determine the number of units required to achieve the desired production capacity. This is a
key issue in scalability and capacity planning, and most research has focused on minimizing
the number of components in the system. Finally, process planning involves how tasks are
assigned to workstations and the overall system balance, which will impact how efficiently
the system can be reconfigured to handle fluctuating volumes. The research aims to optimize
task allocation across workstations. However, most studies ignore some important factors,
such as buffer capacity or system uncertainty and variability. None of the reviewed studies

combine task allocation with configuration management in a scalable multi-product flow line
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to address fluctuations in production volumes. Accordingly, this work simultaneously
maximizes throughput and minimizes total buffer capacity while determining the optimal
system configuration and task allocation to achieve scalable capacity under fluctuating
production volumes.
3.2 Mathematical Formulation

Consider an RMS, assume there are S workstations and T tasks, and available number of
machines is M. Let M ;

and M, depict minimum and maximum number of machines

n X

per workstation, respectively, B, and B_. indicate safety buffer capacity and maximum

min
buffer capacity, respectively, W, and x, denote number of machines and tasks for

workstation s, respectively, and B, denote buffer capacity for buffer s.

The production planning of RMS can be formulated as a BSCOP.

max f,=E[TH (w,x,b)] (28)
S-1

min f, =) B, (29)
s=1
S

subjectto > W, <M, (30)
s=1
S

>x =T, (31)
s=1

M, <W,<M_., s=1...,5, (32)

1<x <T, s=1...,S, (33)

B <B.<B_,s=1..,5-1. (34)

x.]" is the task vector,

s Ng

where w:[\Nl,...,WS]T Is the machine vector, X=[Xx,.
b=[B,,...,B,,]' is the buffer capacity vector, and E[TH (w,x,b)] depicts the expected

throughput, which is the total number of products processed over the simulation time period.
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Hence, the size of the search space is (M, -M_. +1)°-T°. (B —B, +1)°". This
BSCOP aims to determine the optimal (w’,x’,b") solution that maximizes expected
throughput while simultaneously minimizing the total buffer capacity. Constraint (30)
enforces that machine allocation at each workstation remains within the available number of
machines. Constraint (31) indicates that the total number of allocated tasks to workstations
equals the number of given tasks. Constraint (32) states that the machines allocated to each
workstation cannot exceed the maximum number, and that a minimum number must be
allocated to ensure production. Constraint (33) represents that at least one task should be
assigned to each workstation. Constraint (34) describes that each interstation buffer should not
exceed a specific safety capacity or a maximum buffer size. Given the customers' demands,

the target is to find the optimal system configuration w’", task allocation x", and buffer

capacity b", to maximize the expected throughput E[TH (w,x,b)] and minimize the total

S-1
buffer capacity Z B, . The sample mean is used to approximate E[TH (w, X, b)] .

E[TH (w,x,b)]= %ZL:THK(W,X, b) (35)

where L is the number of replications, and TH,(w,x,b) depicts the throughput of the (th

replication. Since both constraints are soft, the BSCOP can be converted into an

unconstrained one.

min F (w, X, b) =—a-(%iTH[(W,X, b)j+(1-a)-§ss +%-[(max{0,iws —M}j +[ix$ —Tj }(36)

s=1
s 2
where « is a weighting parameter, n is a penalty parameter, (max{O,ZWS—M}j IS
s=1

S 2
the quadratic penalty function for inequality constraint, [z X, —Tj is the quadratic penalty

s=1
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function for equality constraint, and F(w,x,b) denotes a penalized function.

Figure 4 shows the relationships between input-output in the production planning of RMS,

where (w,x,b) indicates the input variable, L depicts the number of replications, and

F(w,x,b) is the penalized function.

L
(W, X, b) Simulation engine in F(w, x,b)
» production planning of .
Input variables RMS Penalized
function

Fig. 4 Input and output relation in production planning of RMS.
4. Simulation Results

4.1 Practical Example

The featured RMS serves as a practical example from an automotive manufacturer in
Taiwan, focusing specifically on a 4-cylinder crankshaft production line. This line produces
two distinct product families and comprises 21 workstations. Its processes include unpacking,
mass centering, milling, drilling, turning, deburring, heat treatment, grinding, mass balancing,
washing, and quality control, all facilitated by 20 inter-station buffers. Workstations 14, 15,
and 16, which handle milling, drilling oil holes, and turning bearings and taps, form the
bottleneck of the production line and are pivotal to its performance. Unlike other machines on
the line, these three workstations have a flexible configuration that allows for additions,
removals, or relocations during future system revisions. This adaptability enables the system
to scale up or down in response to fluctuations in production volumes or overall capacity
requirements. Adjustments to the process plan and system configuration are made based on
current scenarios, affecting factors such as the number of operating machines, task allocation
across workstations, and buffer capacity. As demand fluctuates over time, workstations 14, 15,

and 16 undergo continuous reconfiguration to meet evolving needs. These changes influence

24



not only the number of machines used, but also the nature of the tasks performed at these
workstations. Furthermore, such reconfigurations influence the buffer capacities required to
maintain workflow efficiency throughout the line.

Figure 5 illustrates the practical example of an RMS setup featuring two machines per
workstation, with provision for adding up to four additional machines per workstation. For
ease of understanding, workstations 1, 2, and 3 correspond to workstations 14, 15, and 16,
respectively. Table 1 shows the parameters used in RMS. Available number of machines in
RMS is M =18. This RMS has a machining process that takes 16 minutes and is divided into
T=36 tasks. Hence, the size of the search space is 5°-36°-16> =1.49x10°. The process is
subject to real disruptions, with machine availability at 90% and an average repair time of 5
minutes. The machining process satisfies a demand following a Poisson distribution with a
demand rate A =550 products/day in an 11-hour working day (50 products/hour for 11
working hours per day). Additionally, the buffers require 5 seconds of material-handling time
for loading/unloading. The SimEvents library [38] was employed to model the production
system for the simulation engine. The LWOO approach was implemented in MATLAB

R2024a on Windows 11. Interested readers may refer to Ref. [39] for the source code of the

LWOO approach.
Workstation 1 Workstation 2 Workstation 3
Additional Additional Additional
space space space
— ™ -
Additional Additional Additional
space space space
Additional Additional Additional
space space space
Additional Additional Additional
Space space space

Fig. 5 Practical example of RMS.
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Table 1. Parameters used in RMS.

Parameter S T M Mmax Mmin Bmax Bmin
Value 3 36 18 6 2 20 5

The KAN was pre-trained off-line using R=9604 samples. Figure 6 shows a solution
representation of the practical example. Since the population size is 1.49x10°, using a
sample size calculator, R=9604 was derived under a 95% confidence level, 5% margin of error,
and a population proportion of 0.5 [40]. A[8,17,1] KAN structure was employed, with 8 input,
17 hidden, and 1 output nodes. The following hyperparameters are used in the KAN: grid size

(9) was 10, and the order of the polynomial (k) for the cubic B-splines was 3.

W, W,  Ws X1 X2 X3 B: B,
4 5 6 14 | 10 @ 12 12 8
\ Y )]\ Y ) \—Y—)

Machines on workstation Tasks on workstation  Buffer allocation
Fig. 6 Alternative representation for practical example.

The weighting parameter o was 0.6, and the penalty parameter » was 10*. The

following parameters were used in RLWO: ¥ =100, t_ =500, C ,=0.001,C_, =0.8,

P1.,=01, P1_=03,P2,=005, P2,=02, P3,=005, and P3 ,=0.2. Various
hand-tuning experiments showed that these parameters ensure a balanced trade-off between
throughput and the entire buffer capacity. Figure 7 displays the curves of the adaptive
movement factor and three thresholds over 500 iterations. The adjustment function of factor C,
threshold P1, and threshold P2, is an exponentially decreasing function. Large settings of C,
P1, and P2 tend to emphasize diversification at early iterations, while small settings of C, P1,
and P2 increase the local search tendency. The adjustment function for threshold P3 is an

exponentially increasing function. The value of P3 is increased exponentially with the number
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of iterations to progressively strengthen the intensification process. The LWOO was

implemented with four values of N, which were N=10, 20, 30, and 40, to examine the
influence of N. The parameters utilized in AOCBA were L,=20, A=10, and L, =10°. The
speedup factors for N=10, 20, 30, and 40 are v =3.3, 6.1, 8.4, and 10.7 [36], respectively.
Therefore, the allowable simulation budgets regarding N=10, 20, 30, and 40 were CB =3030,

3279, 3571, and 3738, respectively.

U.B T T T T T T T T T
—0C

oFEs P1(
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0E — — P3|
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0.3 f--nmmaacd |
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- - o — - —_

U 1 1 1 | 1 1
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Fig. 7 Variations of C, P1, P2, and P3 over 500 iterations.

Table 2 shows the near-optimal solution (w",x",b"), E[TH(W",x",b")]|, B +B,,

F(w",x",b"), and CPU times of four cases for a typical run. For case N=40, workstations 1, 2,

and 3 are allocated 3, 6, and 6 machines, respectively. The number of tasks performed in
workstations 1, 2, and 3 is 6, 16, and 14, respectively. Two buffer capacities are 11 and 8, and
the expected throughput is 50.20 (Jobs Per Hour). The CPU time for the four cases was less

than 2 minutes, demonstrating that LWOO is suitable for real-time applications.
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Table 2. Near-optimal solution (w’,x",b"), E[TH(w’,x",b")], B,+B,, F(w",x",b"), and
CPU times of four cases for a typical run.

N w’ X" b" | E[THW' . x",b")] | B,+B,| F(w",x",b")| CPU times
(Jobs Per Hour) (sec.)
10 | [2,6,5]" | [4,19,13]" | [7,5] 44.14 12 -21.68 98.83
20 | [6,5,5]" |[16,10,10]" | [14,11]7 53.32 25 -21.99 104.15
30 | [2,6,6]" | [4,17,15]" | [9,6]" 46.78 15 -22.07 111.47
40 | [3,6,6]" | [6,16,14]" | [11,8]" 50.20 19 -22.52 117.23

A critical balance exists between the number of buffers and the resulting throughput. Since
buffer space can be costly, it is preferable to reduce the total number of buffers utilized.
However, throughput is directly influenced by the quantity of allocated buffers. Increasing the
number of buffers typically increases overall throughput. All solutions for the four cases in
Table 2 lie on the Pareto front. While case N=20 achieves higher throughput than case N=40,
it requires more buffers. Due to the chosen weighting parameter, the penalized value for the
case with N = 40 is lower than that for the case with N = 20.

To further examine the effectiveness of each phase, we conduct an ablation study
investigating its performance involving two different solution strategies. (i) In the surrogate
model, KAN was substituted with a coarse evaluation (CE) using L, =10, and the fitness of
each leaf was evaluated accordingly. (ii) In local exploitation, AOCBA was substituted with a
rigorous evaluation (EE) using L, =10°, and all leaves were evaluated rigorously upon the
termination of RLWO. By combining these two solution strategies, three algorithm variants
are obtained: (CE+RLWO+EE), (CE+RLWO+AOCBA), and (KAN+RLWO+EE). They were
compared against the LWOO (KAN+RLWO+AOCBA) for case N=40. Table 3 summarizes
the results of the ablation experiment for a typical run. The reported p-values were computed
using a multiple-comparison test. While substituting KAN with CE yields a marginal

performance improvement, it requires approximately 2.8 times the computational effort of
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LWOO. Replacing AOCBA with a rigorous evaluation maintains the performance but
requires approximately 25 percent additional time. AOCBA provides only a slight
improvement in solution quality compared to rigorous evaluation, while KAN sacrifices a
small amount of quality to achieve a faster search process. These findings demonstrate that
trading off a small amount of solution quality can yield substantial savings in computational
resources.

Table 3. Results of the ablation study and corresponding relative changes for a typical run.

Algorithm Performance | Performance | p-value | CPU time CPU time p-value
change (%) (min.) change (%)
KAN+RLWO+AOCBA | -22.52 0 - 1.95 0 -
CE+RLWO+EE -22.86 -1.51 0.002 5.38 175.9 <0.001
CE+RLWO+AOCBA -22.86 -1.51 0.002 4.82 147.2 <0.001
KAN+RLWO+EE -22.52 0 0.42 2.44 251 0.004

4.2 Statistical Result Comparison

The performance of LWOO is compared with four heuristic approaches: the original LiWO,
the genetic algorithm (GA), the artificial immune system (AIS), and ant colony optimization
(ACO). The latter three heuristic approaches are often categorized as discrete optimization
algorithms. The population size was set to 100 for all approaches. The original LiWO [19]
uses constant thresholds with P1=0.1, P2=0.1, and P3=0.3. In GA [41], roulette wheel
selection was adopted, with crossover and mutation rates set to 0.8 and 0.03, respectively. In
AIS [42], clonal selection was used, with crossover and mutation rates set to 0.7 and 0.05,
respectively. In ACO [43], the initial pheromone level was set to 1, with a pheromone
evaporation rate of 0.4 and a deposition constant of 0.2; the influence coefficients for
pheromone and proximity were set to 0.9 and 0.7, respectively. The objective values were

estimated using coarse evaluation with L, =10 for four heuristic approaches.

To account for the stochastic nature, the performance of each method is measured over 30
independent runs. The optimization process for the four heuristic approaches terminates after

6 minutes of CPU time. Figure 8 depicts the curves of best-so-far performance along with
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error bars for five approaches evaluated over 30 independent runs. The “*” point at (1.96,
-22.50) indicates the average CPU time and corresponding average performance achieved by
LWOO. Table 4 shows that the average performances of LiWO, GA, AIS, and ACO are
7.07%, 13.24%, 11.73%, and 8.98% higher than that of LWOO, respectively, over 30

independent runs.
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Fig. 8 Average best-so-far performance along with error bars for five methods over 30
independent runs.

Table 4. Comparison of average performance over 30 independent runs.

Approaches AP’ AP*_* x100%
LWOO -22.50 0
LiWO with coarse evaluation | -20.91 7.07%
GA with coarse evaluation -19.52 13.24%
AIS with coarse evaluation -19.86 11.73%
ACO with the coarse evaluation | -20.48 8.98%

TAP: average performance
§ *: average performance of LWOO

Moreover, the quality of the solutions was evaluated by analyzing their rankings. Because it
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is difficult to evaluate and rank all solutions, a representative subset Q is constructed as a

substitute for the entire search space. First, |Q| =16641 solutions were randomly selected to

form the representative subset from the search space. Since the population size is 1.49x10°, a
sample size of approximately 16641 is required to estimate the population proportion at a
99% confidence level, with a margin of error of 1% and a population proportion of 0.5 [40]. A
coarse evaluation was used to evaluate the performance of a solution. An analytical procedure
was adopted to evaluate rank percentages and describe the ranking of near-optimal solutions

in a representative subset. The percentile rank of a near-optimal solution within Q is

rk - . - -
calculated as —x100%, where rk indicates its rank. Table 5 presents descriptive statistics

o
for five approaches, analyzed over 30 independent runs to provide a robust comparison of
their performances. LWOO vyielded a standard error of the mean (S.E.M.) of 0.0237. This
small value reveals that the LWOO approach consistently produces near-optimal solutions
across multiple trials, demonstrating high reliability and robustness.

Table 5. Descriptive statistics using five approaches over 30 independent runs.

Approach Minimum [Maximum| Mean S.D. S.E.M. Average
percentile rank

LWOO 2291 | 2212 | 2250 | 013 | 0.0237 0.012%

LIWOwith coarse | 51 49 | 025 | 2091 | 049 | 0.0346 0.686%
evaluation

GAwith coarse | 568 | 1816 | -1952 | 038 | 0.0694 1.183%
evaluation

AlSwithcoarse | 5575 | 1989 | -10.86 | 020 | 00529 0.964%
evaluation

AcCOwithcoarse | 51 19 | 1971 | -2048 | 024 | 0.0438 0.815%
evaluation

Furthermore, the Wilcoxon rank-sum test is carried out at the 5% significance level to
verify the significance of the experimental results [44]. The p-values and h-values are used as
metrics. A p-value represents the probability of observing results as extreme as those
measured, assuming the null hypothesis is true. An h-value of 1 corresponds to rejection of
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the null hypothesis, whereas an h-value of 0 corresponds to failure to reject it. A p-value<0.05
together with h =1 indicates a statistically significant difference between the two approaches.
Table 6 presents the results of the Wilcoxon rank-sum test comparing LWOO with four
heuristic approaches. LWOO shows a statistically significant difference from the four
heuristic approaches, indicating greater reliability and robustness.

Table 6. Results of the Wilcoxon rank-sum test.

Metric LWOO vs. | LWOO vs. | LWOO vs. | LWOO vs.
LiWO GA AlS ACO

p-value 0.012 5.54x10* | 7.85x107° | 2.69x10°°

h-value 1 1 1 1

5. Conclusion

The LWOO method, a sim-heuristic approach that integrates LIWO with OO, was
developed for efficiently solving the BSCOP. It consists of three phases: surrogate model,
universal exploration, and local exploitation. The KAN surrogate model provides fast solution
evaluation, while LWOO uses RLWO for universal exploration to improve diversity and
AOCBA for local exploitation to strengthen intensification. The LWOO approach was applied
for RMS production planning, which is formulated as a BSCOP. The goal is to find the
optimal system configuration and task allocation to the workstation, as well as buffer
allocation, to maximize expected throughput and minimize RMS's total buffer capacity. An
RMS consisting of 3 workstations with 2 inter-station buffers, focusing on a 4-cylinder
crankshaft production line, serves as a practical example. The performance of LWOO was
evaluated against four heuristic approaches, LiWO, GA, AIS, and ACO, using a coarse
evaluation. The average best-so-far performances of LiIWO, GA, AIS, and ACO are 7.07%,
13.24%, 11.73%, and 8.98% higher than that of LWOO, respectively. An analytical procedure
was applied to the rank percentages to assess solution quality. The S.E.M. of LWOO was

0.0237, suggesting that the LWOO method consistently yields near-optimal solutions across
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multiple trials, thereby demonstrating high reliability and robustness.

The proposed LWOO is not limited to RMS applications. They could be extrapolated to
untested directions for future work, such as reverse supply chain networks, facility location,
reconfiguration in healthcare facilities, and logistics networks. Future research could explore
extending the OO framework to address functionally constrained stochastic optimization
problems, including insurance coverage decisions, crop production scheduling, retirement

portfolio optimization, and stochastic multi-commodity network flow problems.
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