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This study addresses constructing Minimum Spanning
Trees (MST) in stochastic weighted distribution networks,
where edge costs have inherent uncertainties with known
means and variances. Traditional deterministic methods
often fail, and existing stochastic approaches are frequent-
ly unstable or computationally complex under high uncer-
tainty. A novel variance-based deterministic transforma-
tion algorithm is proposed. Its core feature is transforming
stochastic edge costs into robust deterministic equivalents by
computing an aggregate variance term from the largest (n - 1)
edge variances, enabling MST construction via classical algo-
rithms. This method fundamentally enhances stability and
ensures feasibility, particularly in high-variance scenarios,
improving upon traditional confidence interval-based tech-
niques. The algorithm’s efficacy was rigorously validated.
Its performance was compared against a probabilistic Q;;-based
method under moderate variance, demonstrating consis-
tent and accurate MSTs. It was then applied to a complex
21-edge distribution network with high variance para-
meters. Results confirm the algorithm’s broad applicabili-
ty, precision, and capability to construct reliable spanning
trees under both moderate and substantial uncertainty.
The algorithm demonstrates significant computational
efficiency (O(rlogr)), ensuring practicality and scalability
across varying uncertainty levels. Unlike iterative or con-
straint-heavy models, this algorithm simplifies optimization
while preserving uncertainty representation. This makes it
well-suited for large-scale networks and real-world systems
where cost variability is critical. Future research includes
expanding this approach to multi-objective optimization or
dynamic networks
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Industrial zones are areas specifically designed for pro-
duction and manufacturing activities, and at the same time
serve as key centers for economic growth and technological
advancement [1]. These zones are typically equipped with var-
ious supporting facilities such as factories, warehouses, and
other infrastructure to accommodate a wide range of indus-
trial operations, including heavy industry, chemical manufac-
turing, textiles, and high-technology sectors. The infrastruc-
ture in these zones must be capable of supporting essential
processes such as transportation, raw material distribution,
and the transformation of goods into finished products [2]. In
many cases, industrial zones are also equipped with strict se-
curity systems and structured waste management to maintain
environmental stability [3]. In addition, they foster the growth
of related sectors such as financial services, marketing, and lo-
gistics, while also serving as hubs for research and innovation
that accelerate technological development and production ef-
ficiency. One of the most vital infrastructure components that
ensures the continuity of industrial operations is an effective
clean water distribution system [4]. Clean water is not only
essential for human consumption but is also used in various

industrial processes such as machine cooling, cleaning, and
as a raw material in certain industries. Therefore, an efficient
water distribution network is critical not only to support pro-
ductivity but also to maintain environmental sustainability.
A limited water supply or uneven distribution can result in
serious disruptions to industrial activities and negatively af-
fect the health and well-being of workers [5].

However, designing a clean water distribution system in
industrial zones poses a major challenge due to inherent un-
certainties — particularly in installation costs. These costs may
vary depending on topographical conditions, pipe material
types, operational factors, and broader economic dynamics
including resource availability and pricing volatility. Specifi-
cally, in paper [6] highlighted the use of chance-constrained
programming for stochastic network design problems, un-
derscoring the need to manage uncertainty in costs. The
study conducted by [7] contributed to methods for stochastic
programs with integer recourse, which are relevant when
considering discrete decisions in uncertain cost scenarios.
Furthermore, in paper [8] explored probabilistic analysis of
MST in smart water networks using fuzzy edge weights,
demonstrating how different uncertainty representations can
impact network design. As such, a comprehensive modeling




approach that accounts for these uncertainties is essential.
Graph theory offers a suitable framework for modeling such
systems, where each water-consuming facility is represented
as a vertex, and the water pipelines are modeled as edges
weighted by estimated costs. The primary objective is to deter-
mine a Minimum Spanning Tree (MST) that connects all ver-
tices while minimizing total cost. MST algorithms have been
widely applied in industrial contexts to design cost-efficient
networks. Nevertheless, when edge weights are stochastic,
typically assumed to follow a normal distribution, conven-
tional deterministic MST algorithms often fail to yield feasible
or accurate results. In this context, stochastic cost represents
the potential variability in pipeline costs due to external un-
certainties such as fluctuations in material prices or weather
conditions. Although prior research has introduced several
probabilistic spanning tree models, many of them remain
limited in their applicability, particularly under high variance.
Considering these unresolved challenges, the development of
new spanning tree algorithms that remain computationally
efficient and reliable under high-variance conditions is neces-
sary. Therefore, research on the development of spanning tree
models under high stochastic variance is relevant.

2. Literature review and problem statement

The Minimum Spanning Tree (MST) problem under
stochastic conditions has been a significant area of research,
particularly in scenarios where edge costs are modeled as
random variables. The foundational study by [9] introduced
a stochastic spanning tree model, offering a theoretical frame-
work to solve uncertainties in edge costs. Their approach uti-
lized probabilistic methods to identify spanning trees under
stochastic settings, but the complexity of the computations
posed challenges for larger networks.

Building on this foundation, in paper [10] a learning
automata-based heuristic algorithm was proposed, which
improved computational efficiency through dynamic adap-
tation to changing network conditions. While this method
reduced computational overhead compared to earlier proba-
bilistic approaches, its applicability to large-scale networks re-
mained limited. Prior research, such as paper [11], introduced
chance-constrained programming frameworks for robust de-
cision-making in uncertain power systems. While providing
structured approaches to handle stochastic parameters, these
works did not directly address optimal distribution network
partitioning or the specific uncertainties in load and distrib-
uted energy resources tackled by the methodology presented
here. Extending the stochastic MST paradigm, study from [12]
developed a distributional robust model. This approach re-
duced the reliance on complete distributional knowledge,
demonstrating improved adaptability to uncertain conditions
by considering a set of possible distributions rather than a sin-
gle, precisely known one.

Similarly, in paper [13], the field was advanced with a sam-
ple-based stochastic MST method, optimizing performance un-
der limited data availability while maintaining computational
efficiency. In paper [14], MST construction was examined un-
der edge and vertex uncertainties, leading to the introduction
of the MST-U and V-MST-U models. This research focused on
specific graph structures, such as cactus graphs, and analyzed
the competitive bounds of their proposed algorithms, provid-
ing valuable insights into structural uncertainties. However, it
did not specifically address high-variance conditions, which

remain a significant challenge. In paper [15], the Random
Spanning Trees in Random Environment (RSTRE) model was
introduced, investigating the effects of disorder strength on
tree configurations. Their findings highlighted how structural
variability influences the properties of spanning trees in sto-
chastic settings, contributing to a deeper understanding of tree
resilience under uncertainty.

While paper [9] and subsequent studies laid the ground-
work for MST under stochastic conditions, challenges related
to scalability, computational efficiency, and restrictive distri-
butional assumptions persist. Many existing approaches are
either computationally intensive or limited by their reliance
on probabilistic and heuristic methods. Specifically, the prob-
lem of developing robust and computationally efficient span-
ning tree algorithms that can reliably handle high-variance
stochastic edge costs in large-scale networks remains largely
unexplored. This gap exists primarily because high variance
introduces significant complexity, making it difficult to guar-
antee both solution quality and computational tractability.
Traditional probabilistic methods often struggle with the wide
range of possible outcomes in high-variance scenarios, while
heuristic methods may lack the necessary robustness. Fur-
thermore, integrating high-variance considerations with scal-
ability for large networks poses a formidable challenge that
has not been comprehensively addressed. These limitations
underscore the need for methodologies that prioritize robust-
ness and efficiency without compromising applicability to
large-scale networks, particularly under extreme uncertainty.

Solving these gaps, this study proposes a variance-based
deterministic transformation algorithm. By converting sto-
chastic edge costs into deterministic equivalents using the
square root of the sum of the (n— 1) the largest variances
(\/ﬁ ), the proposed method enhances computational effi-
ciency and reliability. This approach provides a scalable solu-
tion for stochastic spanning tree problems and advances the
state of the art in this domain.

3. The aim and objectives of the study

The aim of the study is to propose a heuristic algorithm
involving a variance-based deterministic transformation that is
capable of solving the stochastic Spanning Tree (MST) problem
in environments characterized by high uncertainty. This ap-
proach is designed to enhance the reliability of distribution net-
work design by converting stochastic edge costs into determin-
istic values while preserving the representation of uncertainty.

To achieve this aim, the following objectives are accom-
plished:

- to propose the concept and architecture of a variance-
based deterministic algorithm for stochastic MST;

- to validate the proposed variance-based deterministic
algorithm by comparing its performance with Ishii’s Q;-based
method under moderate variance conditions;

- to apply the proposed algorithm to a stochastic distribu-
tion network under high variance conditions and construct
the resulting spanning tree.

4. Materials and methods

The object of the study is a stochastic weighted graph,
which represents a distribution network operating under
uncertainty. In this graph, each edge is modeled as a random



variable with a known mean and variance, representing vari-
ability in costs or other metrics influenced by stochastic con-
ditions. This study hypothesizes that the proposed algorithm
can make a spanning tree on such a graph through a modified
method of variance-based algorithm. The methodology as-
sumes that all edge costs follow a normal distribution, simpli-
fying the analysis by excluding correlations or dependencies
between edges.

To validate this approach, a case study is conducted on
a stochastic graph comprising 21 edges, each defined by its
mean and variance. The proposed algorithm is applied by
transforming the edge costs, running a new hybrid algorithm,
and verifying the validity of the resulting spanning tree. The
deterministic cost of the tree is calculated as the sum of the
deterministic costs of its edges. This methodology is justified
by its ability to integrate uncertainty into a structured deter-
ministic framework. The proposed algorithm addresses lim-
itations in scalability and robustness observed in probabilistic
or heuristic methods and ensures computational efficiency in
stochastic graph applications.

5. Results of variance-based deterministic algorithm

5.1. Concept and architecture of the proposed algo-
rithm

The proposed algorithm introduces a variance-based de-
terministic transformation to solve the uncertainty in edge
costs and incorporates this transformation into the process
of spanning tree construction. This approach constructs
the spanning tree from the transformed deterministic costs.
By combining the variance-based transformation with a clas-
sical deterministic spanning tree algorithm, the proposed ap-
proach enables efficient handling of uncertainty while ensur-
ing compatibility with established computational techniques.
For clarity, the relevant abbreviations used in the algorithm’s
description are provided below:

- m; — mean of edge cost;

J
- o4 - variance of edge cost;

—Ki, - confidence multiplier from the standard normal
distribution table;

— MST - minimum spanning tree;

-~PD - square root of the sum of the (n-1) largest
variances.

In this stochastic weight model, each edge has a known
mean (M) and variance (¢?), representing variability in costs
or other metrics influenced by stochastic conditions. In this
stochastic weight model, each edge has a known mean, m;, and
variance, 0'12. To convert the stochastic weight MST model into
a deterministic form, an auxiliary parameter such as ~/PD may
be added for the proposed algorithm. The value of PD is defined
as the sum of (n - 1) largest variances, where ‘n’ is the number
of vertices in the graph. As a result, the deterministic cost, c;,
of each edge can be expressed using the following formula

¢;=VPD -in; +K,.03, 6))

where K, - the inverse of the standard normal cumulative
distribution function at confidence level, a. The transforma-
tion of edge costs is performed using the square root of the
sum of the (n - 1) largest variances, and the resulting deter-
ministic costs are then used for choosing edges to form the
spanning tree. This technique avoids the instability present
in confidence interval-based methods and ensures feasibility

even when variance values are high. The algorithm pro-
posed in this study is an extension of the classical Minimum
Spanning Tree (MST) algorithm, incorporating an additional
stage that converts stochastic edge costs into deterministic
ones using this variance-based approach. The pseudocode
below outlines the proposed variance-based deterministic
algorithm for constructing a Minimum Spanning Tree (MST)
from a stochastic graph.

(i

N

nput: Graph with vertices V and edges E
Mean cost of each edgej €E
Variance of each edge j €E
Number of vertices
Output:  Output: redges

// Set of edges in the MST
- | J

Begin
/I Step 1: ~ Compute v PD
variances < [o” for all j € E]

sort(variances) in descending order
PD « sum of first (n — 1) elements in variances
sqrt PD « sqrt(PD)
// Step 2: Transform stochastic costs to deterministic costs
for each edge j € E do {

deterministic_cost[j] < PDii, + K o3

// Step 3: Sort edges by deterministic cost in ascending order
sorted edges «— sort (E) by deterministic_cost
// Step 4: Choose edges
T—09®
DS < makeDisjointSet(V)
i—0
while |T| <(n—1) and i < |sorted edges| do {
j <« sorted edges|[i]
(u, v) < endpoints of edge j

if find(DS, u) # find(DS, v) {
T—Tu {j}
union(DS, u, v)

}

i—i+1

l

[ // Step 5: Compute total of minimum cost ]

Fig. 1. Architecture of the proposed algorithm based
on variance-based

5.2. Validation against Ishii’s Q;-based method un-
der moderate variance

To validate the proposed algorithm, a case study was con-
ducted using a scenario inspired by Ishii’s methodology. The
results confirm that under conditions of moderate variance,
the proposed algorithm produces spanning trees identical to
those generated using Ishii’s Q; metric. This alignment vali-
dates the proposed approach in scenarios where variance is
not excessively high.

Mathematical model of minimum spanning tree with
uncertain cost (m) and assumed to be normally distributed,
N (771 j,crz), with the following mathematical model



min Zm X 2)
J=1
Subject to:
r
Z xj=n-1, 3)

—
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X

Decision variables.

Let x; be the decision variable associated with edge, j, in
the distribution network graph. This binary variable indicates
whether a particular edge is included in the resulting spanning
tree. The variable takes the value: x; € {0, 1}, where x; is 1 de-
notes that edge, j, is selected as part of the minimum spanning
tree, and x; is 0 for case otherwise. So, the equation above
changes to Z (through chance constrained programming)

1/2
r r
Z: Min:Zr?tjxj +1.0[26}x1} , ©)
=

j=

where x; indicates edge selection in the spanning tree, subject to:
x; € {0, 1}, where x;is 1 denotes that edge-j™ is selected as part of
the minimum spanning tree, and x; is 0 otherwise. In 1981, the
stochastic spanning tree problem was first formulated by model-
ing each edge cost as a random variable following a normal dis-
tribution [9]. This case is illustrated in Fig. 2, which is presented
as a single grouped object to ensure layout integrity.

€s

Fig. 2. Graph of edges

The Q;-based method used in this case follows the for-
mulation presented by [9]. From Fig. 1, each edge connecting
a pair of vertices is assumed to have a cost that follows a nor-
mal distribution with known parameters mean and variance,
(771 j,crf), with a confidence level, a is 0.8413. Edge e; follows
the distribution N(16, 0.6), while edge e, follows N(49/3, 0.1).
Edge e; is distributed as N(14, 1) and edge ey N(44/3,0.7).
Furthermore, edge es follows N(15,0.2) and edge es follows
N(43/3, 0.2), which is approximately N(14.33, 0.2),

From case above, it is known that each cost of G( N (m j,cr})
and o is 0.8413. In the standard normal distribution table
N(0, 1): K, is gotten from F-1(0.8413) and equal to 1.0. To com-
pute the case, firstly the pairwise edge-comparison indices Q;
and formulates as

K, (O'iz —0}2)

(7 —m;)

Qy é ’ (6)

where m; and m; - the mean cost of edges i and j, and o? and

0]2 their variances. These indices allow identification of edge
pairs, which cost distributions differ significantly under the

specified confidence level and the resulting Q; values for all
pairs are summarized in Table 1.

Table 1
Q;j comparison indices between edges

i\j 1 2 3 4 5 6

1 1 1.5 0.2 0.75 -0.4 1.4

2 0.0* 2 2.7/7 1.8/5 0.3/4 0.05

3 0.0* 0.0* 3 0.9/2 0.8 2.4

4 0.0* 0.0* 0.0* 4 1.5 -1.5/2
5 0.0* 0.0* 0.0* 0.0* 5 0

6 0.0* 0.0* 0.0* 0.0* 0.0* 6

To determine which values of Qj are acceptable, a threshold
interval is computed using the aggregated edge variances. Let n
be the number of vertices. The selection requires (n — 1) edges.
Define pD as the sum of the (n — 1) smallest variances and PD
as the sum of the (n — 1) largest variances

— 2 — 2
D=2 s, Oh PD=2 105, ) ™

where Siin and Sy represent the sets of edges with the small-
est and largest variances, respectively. These are converted
into threshold parameters using the transformation

Lower _ Bound = 2+/pD; Upper _ Bound =2+ PD. (8)

Only Q;; values within this range are retained. The selected
edge set T is then constructed from those satisfying

Qy e[z pD,Z\/PD}. )
Based on the valid Q; values, three edges are selected: e,, es, €.

These define a spanning tree denoted as x' is (0, 1,0,0,1, 1).
The total cost is evaluated using the following objective function

gL A S~ (525l )2
—ijxj +Ka Z(O'ij) .
j=1

Jj=1

(10

The corresponding values for m; and o; of the selected
edges are listed in Table 2, and the total cost is computed
accordingly.

Table 2
Mean and variance of selected edges
Edge m; o}
€ 49/3 0.1
es 15 0.2
e 4/3 0.2

Subsequent steps in the Q;-based method involve itera-
tively computing intermediate threshold values Q by averag-
ing adjacent Q; values and adjusting the edge cost function
accordingly

deterministic _cost = éﬁftj + KaGJZ-' (11)

Each deterministic cost is then used to re-evaluate the
spanning tree using classical MST algorithm. The result is
refined MST configuration, which, in this case, also yields
the same optimal tree as in the initial iteration, comprising



edges es, e4, €. The final solution is (0, 0, 1, 1, 0, 1) as an opti-
mal solution and the associated objective value is

1/2

)
2(Q)% Y maf +K, Yoixg (12)
Jj=1 Jj=1

The result is a spanning tree with minimum cost total
is 44.378. Now, this case will be solved by proposed algorithm.

5. 3. Application of the proposed algorithm under high
variance

This section assesses the robustness of the proposed
method; it was applied to a case characterized by high-cost
variance. The following is an example of edge cost data for
installing water pipelines. The data include the mean cost and
variance for each edge, assumed to follow a normal distribu-
tion. These values are summarized in Table 4.

The proposed hybrid algorithm proceeds as follows: ) Table 4
1. Compute the aggregate variance term Mean and variance of edge costs
Edge From To Mean Variance
Ipp = 2
PD = /Zjesm o?, (13) e A B 16 1
e A C 18
where Sy, consists of the (n — 1) largest edge variances. es A D 14 3
2. Transform stochastic edge costs into deterministic cost ey A E 20 1
equivalents, ¢; as shown in the Table 3. es A F » 4
Table 3 % A ¢ 17 2
Deterministic costs of edges after transformation & B ¢ 19 3
es B D 15 2
m 2 .
Edge ™ % G e B E 18 5
e 16 0.6 24.92 e B F 16 1
e 49/3 0.1 24.92 e B G 21 3
es 14 1 22.28 en C D 23 2
ey 44/3 0.7 22.99 en3 C E 20 4
es 15 0.2 23.00 €14 C F 24 3
e 43/3 0.2 21.98 es C G 25 1
16 D E 18 2
3.Sort all edges based on their deterministic cost, ¢ in e17 D F 22 4
ascending order. e D G 20 1
4. Select the (n — 1) edges with the smallest ¢;, ensuring no ero E F 19 2
cycle is formed in the selection, thereby constructing a valid . E G 1 3
spanning tree. 2
This process yields a minimum spanning tree that main- en F G 16 3

tains the uncertainty structure of the original stochastic model
but resolves it via a deterministic transformation. In the
evaluated scenario, the algorithm produces a tree consisting
of three edges, selected based solely on their transformed de-
terministic costs. Fig. 3 illustrates the final MST structure ob-
tained from the proposed algorithm, confirming equivalence
with the tree produced by the Q;-based method.

€6

€4
(]

Fig. 3. MST Edges e3, e4, and €4

This outcome confirms that the hybrid algorithm performs
consistently under moderate variance and is capable of produc-
ing valid and optimal spanning trees, even when traditional
probabilistic methods require iterative comparisons. Its use of
direct variance aggregation enhances computational efficiency
while preserving robustness against uncertainty.

The data in Table 4 provide the essential input for apply-
ing the proposed algorithm. Each edge is characterized by
a mean cost and a variance, reflecting the uncertainty cost.
Based on the data above, the mathematical model is formed
using the deterministic transformation of stochastic costs.
The model uses the chance-constrained programming, where

1/2

r r
Jj=1 Jj=1

with x; € {0,1}, where the value of x; is 1 of edge j is se-
lected [9]. From the standard normal table, K, is 1.0 because
of F~1(0.8431). Therefore, the problem is transformed into
a deterministic form as:

1/2
r r
=i =i
.
> x;=n-1(select n - 1 edges), (16)

Jj=1

D> x;< |S|—1, vS<V(G), ||S|| >3 (no cycle allowed), (17)
x;€(s)

x;{0,1}. (18)



Table 4 illustrates (is an example of) the structure of a wa-
ter distribution network modeled as a graph, where each
vertex represents a factory, and each edge represents a con-
nection between two factories. The costs assigned to each edge
reflect the cost associated with installing the pipeline, and are
assumed to follow a normal distribution with a known mean
and variance. This graph serves as the basis for applying the
proposed algorithm to identify the minimum spanning tree
under stochastic conditions.

Algorithm for finding the minimum spanning tree us-
ing [9] method:

1. Determine the value of Q.

For edge of e; to e,

J

K, (O'i2 —0'2)'
(m;~rm;)

Q; 19)

The above calculation can be performed on all edges, and
the data obtained is Qj as the Table 5 below.

From the Table 5 above, it appears that there is no the
value of Qj that can be selected, so algorithm above cannot be
used for cases that have large variance.

When variance levels increase significantly, Ishii’s Q;
metric fails to maintain computational efficiency and solution
robustness. The proposed heuristic approach addresses this
limitation by incorporating variance directly into the deter-
ministic transformation, enabling reliable results even under
high-variance conditions. To apply the proposed algorithm,
the deterministic cost, ¢;, of each edge which K, is 1.0 is com-
puted using the following formula

¢;=VPD -i; +1.0-0%, (20)
where VPD is 5, computer from the sum of 6 largest variance
edges. The cost of each edge can be seen in the following Table 6.

After that, choose the smallest cost with the number of se-
lected edges as many as (n - 1) edges and no cycles, if the cost
values are the same, choose the edge that has the highest vari-

ance. Because there are 7 vertices, 6 edges must be selected and
there is no cycle, so it is selected, and it can be seen in the Table 7.

2. Then select the value of Q; with 2,/pD < Q; <2VPD and
the result is 5.3<Q; <10.

Table 5
Qj; values under high variance

Edge| 1 2 3 4 5 6 7 8 9 10 11 12 13 14 | 15 16 17 18 19 20 21

1 [1.00]-0.50]1.00]0.00| ~0.50 |-1.00|-0.67| 1.00 | -2.00 [“9€"| _0.40 |-0.14| 0.75 |-0.25] 0.00 | ~0.50 | -0.50 | 0.00 | -0.33 | ~0.40 |“de-

fined fined
2 100/ 2000.25[0.50] -0.50 | 0.00 |-1.00] 0.00 | 29" | _0.50 | -0.33| 0.00 | -1.00 |-0.17] 0.14 | “"9¢"| 050 | 0.50 | 0.00 | -0.33 | 1.50

fined fined
3 00| 00 |3.00]0.33]-0.125| 0.33 | 0.00 | 1.00 | ~0.50 | 1.00 | 0.00 | 0.11|-0.17 | 0.00 | 0.18 | 0.25 | -0.13 | 0.33 | 0.20 | 0.00 |-1.00
4 100/ 00 |0.0]400|-1.50 | 0.33 | 200|020 2.00 | 0.00 [-2.00]-0.33]"“"9¢"|_0.50| 0.00 | 0.50 |-1.50 |“9¢| 1.00 | -2.00 | 1.00
fined fined

5 00|00 |00]00] 500 [-0.40[-0.33]-0.29| 0.25 |-0.50|-1.002.00| 0.00 |0.50 | 1.00 | -0.50 ‘g?l‘lz -1.50 | -0.67 | -1.00 | 0.17
6 |00]0000[00| 00 | 6 [-0.50|0.00|-3.00]-1.00[-0.25]0.00 | -0.67 |-0.14| 0.13 | 0.00 | -0.40 | 0.33 | 0.00 | -0.25 | 3.00
7 100]00|00]00] 00 | 00 |7.00]-0.25 2.00 |-0.67| 0.00 |0.25]-1.00|0.00|0.33| -1.00 | -0.33 | 2.00 %Irliz 0.00 | 0.67
8 00|00 |00[00| 00 | 0000 |800|-1.00|1.00 [-0.17]0.00 | -0.40 |-0.11] 0.10| 0.00 | -0.29 | 0.20 | 0.00 | -0.17 | =3.00
9 00|00 |00[00| 00 | 00]00]|00]0900|-200]067]|060| 050033057 ‘Ilirr‘iz 0.25 | 2.00 | 3.00 | 0.67 | 0.00
10 00| 00 |00|00]| 00 |00 |00/ 00| 00 |10.00|-0.40|-0.14 -0.75 |-0.25| 0.00 | -0.50 | -0.50 | 0.00 | -0.33 | ~0.40 ‘;El‘lz
11 {00|00|00|00]| 00 |00 |00]00]| 00| 00 |11.00]0.50| 1.00 |0.00]0.50 | -0.33 | -1.00 | 2.00 | ~0.50 111111111?1 0.40

12 { 00| 0.0 (00|00 0.0 | 00 | 00| 00| 00 | 00 | 0.0 [12.00[ 0.67 |-1.00]0.50 | 0.00 | 2.00 |[-0.33| 0.00 | 0.50 | 0.43

unde-

13 10.0| 0.0 [00]0.0| 0.0 0.0 | 0.0 | 0.0 0.0 0.0 0.0 | 0.0
fined

13.00 | 0.25 | 0.60 | -1.00 | 0.00 -2.00 | 1.00 | 0.25

14 { 00| 0.0 [0O|00| 00 | 00 (00| 00| 00 | 00| 0.0 |0.0]| 0.0 |14.00|2.00|-0.17 | 0.50 |-0.50|-0.20| 0.00 | 0.25

15 (00| 00 [0O|00O0| 00 |00 |00]| 00| 00| 00| 00 |0.0]| 00 | 0.0|1500 0.14 | 1.00 | 0.00 | 0.17 | 0.50 | 0.44

16 { 00| 0.0 (00|00| 00 |00 00| 00| 00O | 00 ] 00 |00]| 00 |0.0]0.0]16.00(-0.50|0.50 | 0.00 |-0.33] 1.50
17 { 00| 0.0 (00|00 00 |00 00| 00| 00O | 00 ] 00 |00]| 00 |O00]00]| 00 [17.00|-1.50|-0.67|-1.00| 0.17
18 00| 0.0 (0O|00| 00 |00 |00]| 00| 0O | 00| 00 |00]| 00 |O0.0]0.0]| 00 0.0 |18.00| 1.00 | -2.00 | 1.00
19 {00| 0.0 [0O|00O| 00 |00 00| 00| 0O | 00| 00 |[00]| 00 |0.0]O0.0]| 00 0.0 0.0 [19.00| -0.50 | 1.00
20 |00|00|00|00O| OO [00O0}|O00O|OO| OO0 |O00O0]|OO]OO| OO |00O|O0] 00 0.0 0.0 0.0 |20.00 | 0.40

21 |{00|00|00|00| 0O [00O0}|O00O|0O0O| 00O |00O0]|O0O0O]0O| 0O |00O|O00] 00 0.0 0.0 | 0.0 0.0 |21.00




Table 6

Deterministic edge costs (transformed)

Edge G

1 81

2 92

3 73

4 101

5 114

6 87

7 98

8 77

9 95

10 81

11 108

12 117

13 104

14 123

15 126

16 92

17 114

18 101

19 97

20 108

21 85

Table 7
Selected edges for final MST
Edge Deterministic cost (units) Connected edge

e3 (AD) 73 A-D
eg (BD) 77 A-D-B
e; (AB) 81 (not selected due to cycle) A-D-B
ey (BF) 81 A-D-B-F
e (FG) 85 A-D-B-F-G
es (AG) 87 (not selected due to cycle) A-D-B-F-G
e, (AC) 92 A-D-B-F-G-C
e16 (DE) 92 A-D-B-F-G-C-E

,
TotalCost _ MST = Zrﬁjxj +1.0

;
Y o?x; =100.88 unit (21)
j=1 j=1

These selected edges and the resulting structure are shown

in Fig. 4.

€2

€10
B
C
€3
D els
e3

€21

°
G

Fig. 4. MST from variance-based algorithm

From the Table 7 above, 6 edges are obtained, name-
ly es, e, €10, €21, €2 and ejq. The total cost of the spanning
tree formed is 100.88 units. The algorithm proposed in this
study is an extension of the classical Minimum Spanning
Tree (MST) algorithm. Incorporating an additional stage that
converts stochastic edge costs into deterministic ones using
a variance-based approach. The overall complexity of this
algorithm can be analyzed based on the following three main
stages: the calculation of ~/PD from the (n - 1) largest vari-
ances, which involves sorting the list of all edge variances and
selecting the top (n - 1) values; the conversion of stochastic
costs into deterministic costs; and choosing the selected edges
from the smallest until the number of edges is (n - 1) and no
cycle. From this algorithm, it is resulting in a time complexity
of O(rlog r) as the dominant operations remain the sorting of
variances and the sorting of edges for MST construction. The
additional conversion step introduces only a linear computa-
tional cost, which does not affect the algorithm’s overall time
complexity order.

6. Discussion of results of development of
deterministic algorithm

6. 1. Performance and applicability of the variance-
based deterministic proposed algorithm

The findings of this study reveal that the proposed vari-
ance-based deterministic transformation algorithm provides
a robust and computationally efficient solution to the sto-
chastic Spanning Tree problem, particularly in conditions of
high uncertainty. This is achieved by transforming stochastic
edge costs, originally modeled with known means (771) and
variances (¢2) under a normal distribution, into deterministic
equivalents ¢; using an aggregate variance term JPD derived
from the square root of the sum of the (n-1) largest vari-
ances. This methodological innovation, detailed as the core
concept in Section 5. 1, enables the construction of a stable
and resilient spanning tree by effectively penalizing edges
with higher inherent uncertainty directly within their cost
structure. The procedural steps for this transformation and
subsequent MST construction are outlined in the pseudocode
presented in Fig. 1.

The results obtained providing clear evidence of the al-
gorithm’s performance and applicability. Firstly, regarding
validation under moderate variance conditions, the proposed
algorithm was rigorously validated against Ishii’s Qy-based
method, specifically by comparing the outputs in Table 1
and Table 3, the proposed algorithm consistently produced
spanning trees identical to those generated using Ishii’s Q;
metric under moderate variance conditions. This alignment,
visually confirmed by the equivalence of the resulting MST
structures illustrated in Fig. 2, 3, demonstrates the proposed
method’s consistency and validity in scenarios where variance
is not excessively high. For example, the final set of selected
edges (es, e4, €6) and the total cost derived from the proposed
algorithm’s transformed costs matched the optimal tree and
objective value obtained by Ishii’s iterative approach. This
confirms that the proposed algorithm can yield valid and op-
timal spanning trees while offering a more direct and compu-
tationally efficient path compared to traditional probabilistic
methods that often require iterative comparisons [9].

Secondly, the robustness and practical utility of the pro-
posed method were assessed by applying it to a more complex
case characterized by high cost variance. The comprehensive



edge cost data, including both mean and high variance values,
are summarized in Table 4. A critical finding was the clear
inability of Ishii’s Q; method to yield a valid solution under
these challenging conditions, as many Q; values became
undefined due to the large variances. This failure highlights
a significant limitation of existing methods when faced with
substantial uncertainty. In stark contrast, the proposed algo-
rithm successfully computed stable deterministic edge costs,
as shown in Table 4, and subsequently identified a minimum
spanning tree comprised of edges e;, e, €1o, €21, €2, and eyq.
This resulted in a total cost of 100.88 units, as detailed in
Table 5 and visually represented in Fig. 3. This result unequiv-
ocally demonstrates the algorithm’s effectiveness, reliability,
and superior applicability under real-world stochastic condi-
tions where high variance is prominent.

The proposed variance-based deterministic algorithm
offers significant advantages when compared to alternative
existing solutions, addressing key limitations prevalent in
the literature.

Classical probabilistic techniques, such as the one pro-
posed by [9] and further explored in paper [16], fundamen-
tally rely on the pairwise Q; metric to compare edges under
a chosen confidence level. However, such methods prove
impractical and computationally unstable when variances
are large or not uniformly distributed, often rendering many
Qjj values undefined and the algorithm itself inapplicable. In
direct contrast, the proposed method directly incorporates
variance into a deterministic transformation (expressed as
cj= JPD - i+ K, -cjz», enabling it to yield reliable results even
under high-variance conditions and effectively bypassing the
computational failures encountered by Q;-based approaches.
This direct embedding mechanism is a core feature that pro-
vides a distinct advantage.

Furthermore, while in paper [17] introduced a chance-con-
strained programming formulation for MST under Gaussian
assumptions, their model typically requires complex con-
straint handling and does not explicitly incorporate variance
directly into the edge cost definition in the simplified and in-
tegrated manner of our approach. More recently, [18] reported
a distributional robust MST framework, which enhances
traditional stochastic models by minimizing reliance on full
distributional information. However, the algorithm presented
in this work offers a novel and practical reformulation by
directly embedding the variance as a penalizing factor into
the deterministic transformation of edge costs. This allows it
to retain essential uncertainty information without resorting
to iterative procedures, complex constraint sets, or exhaustive
probabilistic comparisons.

This direct embedding of variance significantly enhances
computational efficiency, achieving a favorable time complex-
ity of O(rlog r), where ‘r’ is the number of edges. This effi-
ciency is maintained because the additional transformation
step introduces only a linear computational cost, which does
not alter the algorithm’s overall asymptotic time complexity.
Beyond just runtime, this method enhances reliability and
robustness, as edges with higher variance are inherently
penalized in their transformed cost structure. This inherent
characteristic mirrors practical risk aversion strategies often
employed in real-world decision-making under uncertainty,
making the solution more resilient.

The solutions obtained in this study directly address and
effectively close the problematic part of the persistent chal-
lenge of developing computationally efficient and reliable
spanning tree algorithms capable of operating effectively

under high-variance conditions, especially for large-scale
networks. This research successfully fills an existing niche
by proposing an algorithm that demonstrates both robust-
ness and efficiency, even in scenarios where traditional
probabilistic methods like Ishii’s Q; approach fail due to
extreme variance.

This achievement is made possible precisely due to the
novel variance-based deterministic transformation. By con-
verting stochastic costs into a manageable deterministic form,
the algorithm elegantly integrates uncertainty directly into
a well-established and computationally tractable determinis-
tic framework. The demonstrated ability of the algorithm to
consistently produce valid Minimum Spanning Trees (MSTs)
for cases with both moderate and significantly high variance,
coupled with its optimal O(r log r) computational complexity
for large networks, provides compelling evidence that the set
aim of developing a reliable and efficient heuristic algorithm
for stochastic MST under high uncertainty has been compre-
hensively achieved. Furthermore, the algorithm’s reliance on
readily accessible statistical parameters (mean and variance
of edge costs) contributes significantly to its practical utili-
ty, bridging the gap between abstract theoretical stochastic
models and their tangible real-world applications where
complete probability distributions might be unavailable or
difficult to ascertain.

Despite its strengths, this study has certain limitations
that should be acknowledged for practical application and
future theoretical studies. The proposed method assumes that
all edge costs follow a normal distribution. While common
in many applications, this assumption might not universally
hold true, and the algorithm’s direct applicability or optimal-
ity might be affected by highly skewed or non-standard cost
distributions, which were not explicitly tested in this work.
Furthermore, the current approach simplifies the analysis
by excluding explicit correlations or dependencies between
edges. In more complex, interdependent networks, ignoring
such correlations could potentially influence the truly optimal
spanning tree.

A notable disadvantage or inherent trade-off of the vari-
ance-based deterministic transformation lies in its tendency
to lead to a more conservative solution. By inherently penal-
izing edges with higher variance, the algorithm prioritizes
reliability and stability under uncertainty. However, this could
potentially lead to the selection of a path that is not the abso-
lute minimum cost if the actual costs of high-variance edges
happen to materialize at the lower end of their probabilistic
distribution. This inherent conservatism is a design choice
aimed at mitigating risk, but it implies that the solution might
not always represent the lowest possible cost in retrospect,
only the lowest reliable cost under uncertainty.

Building upon the foundational work presented here,
several promising directions exist for future research devel-
opment, each offering potential to enhance the algorithm’s
scope and applicability. Firstly, it would be valuable to in-
vestigate the adaptability and necessary modifications of the
variance-based transformation to accommodate non-normal
distributions. This could involve exploring non-parametric
methods or incorporating concepts from robust statistics
to handle diverse real-world data characteristics, thereby
broadening the algorithm’s applicability. Secondly, integrat-
ing dynamic edge weights to address time-evolving networks
represents a crucial next step. This would enhance the algo-
rithm’s utility for infrastructure systems where costs and oper-
ating conditions fluctuate over time, enabling more adaptive



network design. Thirdly, exploring multi-objective optimiza-
tion frameworks, such as simultaneously optimizing for cost,
reliability, and other critical performance metrics, could pro-
vide more comprehensive and nuanced solutions for complex
network design problems in uncertain environments. Finally,
conducting extensive validation with larger-scale, real-world
network data from various industrial sectors would further es-
tablish the algorithm’s practical impact and scalability. These

demonstrating its accuracy and consistency in scenarios of
controlled uncertainty.

3. The algorithm was effectively applied to a stochastic
distribution network characterized by high variance. This ap-
plication successfully constructed a minimum spanning tree
with a total deterministic cost of 100.88 units, unequivocally
confirming the algorithm’s strong applicability and reliability
even under conditions of substantial uncertainty.

developments would contribute significantly to the creation of
more robust, scalable, and versatile optimization frameworks
for stochastic network design, building directly upon the fun-
damental step provided by this research.
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