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ABSTRACT

In this paper, arc traversal costs are described as Single‑Valued Neutrosophic
(SVN) Fuzzy Numbers, which concurrently capture acceptance, rejection, and
indeterminacy. This provides a useful framework for solving the Shortest‑Path
Problem (SPP) under extreme uncertainty. The research question is how to ef‑
ϐiciently ϐind an economical shortest path in an acyclic directed network with
such impreciseweightswithout requiring prohibitively large computations. Our
methodology ensures tractability and resilience by successively evaluating SVN
edge lengths using a heuristic ranking function and a modiϐied Dijkstra's algo‑
rithm. A real‑world case study on the transportation of emergencymedical sup‑
plies during a ϐlood disaster and a numerical comparison with exhaustive enu‑
meration are used for validation. The results show that the heuristic performs
well under highly uncertain disaster conditions and consistently ϐinds near‑
optimal paths while signiϐicantly reducing runtime. These results are impor‑
tant because they provide a deployable, computationally effective neutrosophic
SPP solution for time‑sensitive logistics, improving crisis response in situations
where information is conϐlicting and incomplete.

1. Introduction
A graph is a practical tool for modeling real‐world problems. By modeling the graph, nodes and

arcs represent the objects and their relationships. Among the graph types we need to represent the
different forms of information encountered in real‐world problems are fuzzy graphs, intuitionistic
fuzzy graphs, and neutrosophic graph theory [1, 2]. The idea of an IFS relationship was introduced
by Shannon and Atanassov. Then, in [3], they presented numerous results and explored the idea of
intuitionistic‐fuzzy graphs. Certain operations on single valued neutrosophic graphs are examined by
Akaram et al. [4].

In operation research, the SPP is a well‐known network optimization problem. The decisionmaker
in this challenge concentrates on computing the shortest path between a certain starting node and
other nodes. Economics, telecommunications, scheduling transportation, supply chain management
and routing are just a few of the real‐world issues that the SPP has been thought to replicate. Numer‐
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ous scholars have conducted extensive study on SPPs with predictable edge costs. A decision maker
can effectively solve the conventional SPPs by utilizing a number of well‐known algorithms that were
developed by some outstanding scholars. Even while the costs of the arcs are regarded as real values
in typical SPP, most real‐life scenarios contain a number of variables that might not always be accurate
(travel demands, travel expenses, trip capacity, travel time, etc.).

The arc costs in these situations are non‐deterministic. Type‐1 fuzzy numbers are used by certain
researchers [2] tomanage the uncertainties in regular fuzzy SPP (FSPP). Because type‐1 fuzzy numbers’
membership degree is just a real number, the FSPP is unable to handle themany kinds of uncertainties.
Few researchers used intuitionistic FSPP to address this issue. In intuitionistic FSPP, arc lengths are
classified as IFNs. It can handle confusing arc length data that includes both membership and non‐
membership grades at the same time. The fundamental disadvantage of intuitionistic FSPP is that if
the total of membership and non‐membership is more than one, it is unable to handle ambiguous arc
length data.

The term neutrosophic SPP [5] appears in the field of graph theory, and an appropriate modeling
technique may legitimately use the neutrosophic set in such real‐life settings. In contrast to the con‐
ventional SPP, which solely employs crisp numbers (fuzzy numbers), the neutrosophic‐SPP involves
addition and comparison operations of neutrosophic sets. The fundamental goal of locating a path
between two nodes that is shorter than all the other paths in a neutrosophic‐SPP, where the the length
of the arc is neutrosophic numbers, is complex since the ordering of neutrosophic sets as a compar‐
ison action can be interpreted in a variety of ways. The concept of fuzzy & intuitionistic‐fuzzy sets
(IFS) undoubtedly offers excellent strategies for dealing with ambiguity and missing data in a range of
fields, including artificial‐intelligence (AI), computer science and decision‐making. The NS proposes an
another mathematical strategy for dealing with uncertainty, partial information, and unpredictability.
The NS framework divides events into the three‐subsets: true (T ), false (F ) and indeterminate (I).
Samanta S and Pal A [6, 7] pioneered the use of planar networks in fuzzy systems and further investi‐
gated their features. Broumi Said et al. [8] presented SVN‐graphs, a new aspect of graph theory that
has recently evolved as an extension of fuzzy‐intuitionistic‐FG. A neutrophilic network is formed when
there is ambiguity in the connections between components in a problem.

In a weighted graph, Dijkstra’s method is a traditional graph algorithm that determines the short‐
est path between a beginning node, also known as the source, and every subsequent node. One of
the most researched topics in the field of fuzzy sets and systems is the shortest path problem where
the prices have ambiguous values [9]. Dijkstra’s algorithm is a graph search technique that creates
a shortest path tree by solving the single source shortest path issue for a graph with non‐negative
edge path costs. Edsger Dijkstra, a Dutch computer scientist, created it in 1956 and introduced it
in 1959 [10, 11]. Routing and other graph algorithms commonly use this technique as a subroutine.
Many authors have researched and developed Dijkstra’s approach for shortest path problems [12–14].
Roushan et al. [15] concentrated on maximizing disaster relief efforts in meteorological disasters, no‐
tably flash floods caused by cloudburst events.

Dijkstra investigated the shortest path problem in 1956 while he was employed as a programmer
at the Mathematical Center in Amsterdam. His objective was to demonstrate the capabilities of the
new ARMAC computer. His goal was to identify an issue and a computer‐based solution that non‐
computer users could grasp. He developed the shortest pathmethod and then used it with ARMAC for
a considerably simplified transportationmap of 64 Dutch cities. Some years later, hardware engineers
working on the institute’s next computer presented himwith another challenge: minimize the number
of wires needed to connect the pins on the machine’s back panel. In an attempt to find a solution, he
revisited Prim’s minimal spanning tree algorithm, which Prim had discovered previously.

The simplest algorithm for resolving the SPP is frequently regarded as Dijkstra’s algorithm. These
approach is used to solve single‐source shortest path issues involving undirected or directed paths.
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The Dijkstra‐approach is predicated on the following: there are no negative‐edge costs, the total num‐
ber of vertices is finite, the source is a single vertex, and the target can be any other vertex. The main
idea behind the algorithm is as follows: it starts with the source, visits the vertices in ascending order
of cost, and keeps track of a set V of visited vertices whose cost from the source has been determined,
as well as a tentative cost D(u) for each unvisited vertex u.

Especially for acyclic networks where topological order could be utilized, previous work has not
effectively pruned the search area in an SVN context by combining a heuristic ranking function with
a modified version of a classical method (like Dijkstra’s). The gap is the absence of a heuristic‐driven,
computationally efficient algorithm that can locate near‐optimal paths in an acyclic SVN‐weighted
network quickly enough to be used in time‐sensitive, life‐saving disaster response operations while
still retaining a reasonable level of accuracy in comparison to exhaustive search. This work fills this
gap by presenting the first heuristic‐driven, computationally efficient approach created especially for
acyclic directed networks with SVN‐weighted arcs. Our method does not assess every conceivable
path, in contrast to exhaustive enumeration. Rather, it integrates a topologically modified Dijkstra’s
framework with a novel heuristic ranking function that enables quick pairwise comparisons of SVN
numbers. This approach guarantees a near‐optimal solution within stringent time limitations while
scaling the algorithm to real‐world network sizes.

Adhikari, D. [16] used a fuzzy AHP‐TOPSIS‐COPRAS framework in 2026 to assess women’s empow‐
erment in several Indian sectors, overcoming ranking uncertainty to find the best domains for fair and
timely decision‐making. A framework for making decisions was proposed by Simic, V. et al. [17] to
support climate change analysis in urban transportation with the help of type‐2 neutrosophic uncer‐
tainty. A hybrid Multi‐Criteria Decision‐Making (MCDM) technique is utilized to handle this issue. The
MARCOS method is used to rank the difficulties that have been discovered, and the MEREC method is
used to calculate the weights of assessment criteria. Using the Uncertain MCDMMethodology, Gazi,
K.H. et al. [18] discovered Humanitarian Supply ChainManagement Challenges. A mathematical tech‐
nique for managing uncertainty is the triangle fuzzy number (TFN). Two decision‐makers provide data
sets in verbal terms, which are subsequently translated into precise numerical values. Momena et
al. [19] carried out research to propose a seamless way to address the difficulties and flexibility of the
medicinal supply chain (MSC). Different MSC problems are taken into account as criteria that address
different adaptation strategies.
1.1 Motivation

The main goal of applying Dijkstra’s algorithm to neutrosophic graphs is to determine the optimal
path in situations when there is ambiguity, indeterminacy, and insufficient information. The neutro‐
sophic variant handles edges represented by triples (T, I, F)‐membership in contrast to classical Dijk‐
stra, which makes the assumption of exact edge weights. Using score functions, the method seeks
to decrease neutrosophic distance in order to find paths that optimize reliability while lowering risk
and ambiguity.The underlying drawbacks of current methods serve as the inspiration. In real‐world
situations with ambiguous, contradictory, or missing data, classical Dijkstra fails. Although they can
handle uncertainty, fuzzy graph‐based approaches are unable to represent indeterminacy, which is
the state in which information is neither true nor false but rather ambiguous or conflicting. By adding
the indeterminacy component, neutrosophic graphs close this crucial gap and are perfect for dynamic,
complicated systems.

This work is motivated by the critical shortcomings of intuitionistic and classical fuzzy shortest‐
path models in capturing the simultaneous rejection, acceptance, and indeterminacy found in disas‐
ter logistics, as well as the prohibitive computational cost of current neutrosophic approaches. Our
motivation stems from the pressing need to bridge the gap between advanced neutrosophic theory
and life‐saving operational reality by giving first responders a deployable, computationally efficient al‐
gorithm that can deliver near‐optimal routes under extreme uncertainty in a matter of seconds. This
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research describes a modified version of Dijkstra’s algorithm for calculating the weighted aggregated
neutrosophic fuzzy value of the shortest or lowest‐cost path in a neutrosophic fuzzy environment.

The shortest path can be easily rebuilt by moving backward from the terminal vertex to its pre‐
decessor, tracing the series of vertices that got permanent labels. Although several approaches have
been proposed in the literature to solve the Shortest‐Path Problem (SPP) with fuzzy arc lengths, Neu‐
trosophic Fuzzy Numbers (NFNs), which generalize both fuzzy and intuitionistic fuzzy numbers by in‐
corporating truth, falsity, and indeterminacymembership degrees, have yet to be applied to this prob‐
lem. To the best of our knowledge, no other study has addressed the SPP using data presented in this
format, emphasizing the fundamental contribution of our work. Furthermore, the Neutrosophic‐SPP
has never been solved using the unique approaches suggested here, nor have the specific properties
used in our approach been applied in this context. These are the core innovations and implications of
this work. Table 1 presents a comparative literature review, comparing the present work with related
published studies. It highlights the research gap, demonstrates the novelty of the present work, and
shows how the proposed research extends existing studies.

Table 1
Comparative Analysis of Present Work with Existing Literature
Present Work Related Published

Work
Comparison & Contribution

Single‐Valued
Neutrosophic graph
with acyclic directed
networks

Fuzzy graphs [1, 2],
Intuitionistic Fuzzy
Graphs [3],
Neutrosophic
graphs [4, 5, 8]

Present work extends existing graph
frameworks by specifically addressing
acyclic directed networks with
SVN‐weighted arcs, whereas prior works
focused on general graph structures

Modified Dijkstra’s
algorithm with novel
ranking function for
SVN‐numbers

Classical Dijkstra’s
algorithm [10,11,20],
Standard FSPP
algorithms [9]

First algorithm combining heuristic ranking
function with modified Dijkstra’s for SVN
acyclic networks

Time‐sensitive
disaster response
operations
(particularly flash
floods and
cloudburst events)

General SPP
applications [21]:
Economics,
telecommunications,
transportation, supply
chain

Specifically addresses life‐saving disaster
response operations with stringent time
limitations, unlike general applications in
prior works

Real‐time
near‐optimal
pathfinding with
acceptable accuracy

Fuzzy AHP‐TOPSIS‐
COPRAS [16],
MEREC‐MARCOS [17],
TFN‐based
MCDM [18,19]

Provides algorithmic solution for path
optimization rather than general
decision‐making frameworks

1.2 Novelties & Research Outline
The main innovation is modeling arc traversal costs using SVN‐Fuzzy Numbers. This approach is

particularly well‐suited for extreme uncertainty (e.g., disaster scenarios where data is conflicting, in‐
complete, or unreliable) because it simultaneously captures three distinct dimensions of uncertainty—
acceptance, rejection, and hesitancy, in contrast to conventional fuzzy or probabilistic methods. The
SPP with SVN weights is said to have the first computationally deployable solution in this research. In
order to avoid the exponential complexity of exhaustive enumeration, it introduces a heuristic ranking
function that converts SVN numbers into clear, comparable values, enabling the implementation of a
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modified Dijkstra’s algorithm. The main Algorithm Design and Experimental Setup are as follows:
A. AlgorithmDesign: To enable quick path finding, the developed cost function is integrated into a

modifiedDijkstra’s algorithm, so sacrificingmarginal optimality for notable processing efficiency.
B. Experimental Setup: We deploy the algorithm to an emergency medical supply chain that has

been damaged by severe flooding in order to evaluate its practical applicability. Simultaneously,
a controlled numerical experiment quantifies accuracy trade‐offs by comparing our heuristic
outputs with those obtained from exhaustive enumeration.

1.3 Structure of the paper
The first section begins with an introduction that lays the groundwork for the rest of our work. We

also analyze the existing literature, focusing on the development of Dijkstra’s algorithm in particular.
Section 2 give a clear and concise explanation of the key ideas behind Dijkstra’smethod, which leads to
the basic concepts of neutrosophic graphs. Dijkstra’s algorithm for neutrosophic graphs is presented
in Section 3 along with a comparison study and an example. The real‐world application of emergency
medical supply delivery during a flood disaster is examined in Section 4. In Section 5, the authors
provide their final conclusion.

Several symbols and their associated meanings are often used in this text. Table 2 below provides
a summary of these symbols together with their explanations:

Table 2
List of symbols and abbreviations
Symbols Abbreviations

SVN Single‐Valued Neutrosophic
SPP Shortest‐Path Problem
FSPP Fuzzy Shortest‐Path Problem
IFSPP Intuitionistic Shortest‐Path Problem
NSPP Neutrosophic Shortest‐Path Problem
IFS Intuitionistic‐fuzzy sets
SVNN (NN̊ ) Single‐Valued Neutrosophic Number
N (G) Single‐Valued Neutrosophic Graph
S(N ) Score function
H(N ) Accuracy function

2. Preliminary concepts
Neutrosophic Sets were described by F. Smarandache as an extension of fuzzy and intuitionistic‐

fuzzy sets. In the general theory, each of the three independent components {T , I,F} belongs to
]0−, 1+[. Wang et al. [22] introduced the single‐valued neutrosophic set to operate with standard real
numbers in [0, 1] for practical purposes.

Definition 1 [23] A Single‐Valued Neutrosophic Number (SVNN) is a NN̊ = (T, I, F ) representing an
ill‐known or uncertain quantity through three components T , I and F each a real number in [0, 1]. It
extends fuzzy & intuitionistic‐fuzzy sets to model uncertainty, inconsistency, and indeterminacy, with
0 ≤ T + I + F ≤ 3.

Definition 2 [4, 24] A single‐valued neutrosophic graph N (G ) containing the pair of vertex set and
edge set (W ,X ), whereW = (TW , IW , FW) is a SVN‐set on the vertex set V and X = (TX , IX , FX )
is an SVN‐relation on the edge setE ⊆V×V . The memebrship values of vertices and edges satisfy the
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following conditions 
TX (st) ≤ min {TW(s), TW(t)} ,
IX (st) ≤ min {IW(s), IW(t)} ,
FX (st) ≤ max {FW(s),FW(t)} ;

(1)

for every s, t ∈ V .

Definition 3 [5, 25] Assume that SVN‐number NN̊ = {T , I,F} then
A. The score function of S(N ) is defined as follows S (NN̊ ) = 2+T −I−F

3
,

B. An Accuracy functionH(N ) is defined as followsH (NN̊ ) = T − F .

In Crisp Dijkstra, edge weights are exact values, presuming complete information. Fuzzy Dijkstra
goes one step farther by using membership degrees to convey uncertainty. Wemove to Neutrosophic
when the information is not just spread out, but we also have indeterminacy, allowing the algorithm
to prioritize pathways that are true and certain over ones that are unknown or likely blocked.

3. Dijkstra’s algorithm on Single‐valued Neutrosophic Graph
In a crisp graph, Dijkstra’s algorithm is important because it provides the fundamental concept of

shortest path computation using exact numerical weights. In crisp graphs, edge weights are precise
and clearly defined, which helps in understanding the core logic of distance initialization, relaxation,
and greedy selection. It builds a strong foundation for advanced models like fuzzy or neutrosophic
graphs. Crisp Dijkstra is frequently utilized in real‐world applications such as network‐routing, GPS
navigation, transportation planning, and computer networks. Learning it improves algorithmic think‐
ing, optimization skills, and understanding of graph theory basics before handling uncertainty‐based
models.

We study Dijkstra’s algorithm in neutrosophic graphs because it enables shortest or most reliable
pathfinding in systems where truth, falsity, and indeterminacy coexist — reflecting real‐world com‐
plexity better than crisp or even fuzzy models. In the real world, networks often involve imprecise,
incomplete, or conflicting information—something fuzzy graphs can only partly handle. Neutrosophic
graphs go further by explicitly including indeterminacy.

By extending the standard Dijkstra algorithm to work on neutrosophic graphs, Neutrosophic Di‐
jkstra is a powerful path‐finding algorithm. Each edge weight is represented by the triplet �T, I, F�,
which stands for truth, indeterminacy, and falsehood degrees. These degrees are independent and
range from 0 to 1.

Unlike crisp Dijkstra (exact numbers) or fuzzy Dijkstra (single membership dimension), Neutro‐
sophic Dijkstra captures three independent aspects of uncertainty simultaneously: how true a path is,
howmuch uncertainty exists about it, and how false it might be. This allowsmodeling real‐world com‐
plexities like conflicting information (1 < T +F ), incomplete knowledge (1 > T +F ), and complete
ignorance (I high). The algorithm modifies classical Dijkstra by replacing addition with neutrosophic
aggregation operators (e.g., min for T , max for I and F ) and comparison with score functions. The
output provides not just the shortest path, but a comprehensive uncertainty profile‐enabling better
decision‐making in applications like autonomous vehicles, disaster response, military logistics, and
any domain where information is imperfect, inconsistent, or incomplete.

We adapt Dijkstra‐algorithm to neutrosophic graphs to determine the most reliable or optimal
path when:

1. Some edges are uncertain.
2. Some information about connection strength is missing or indeterminate.
3. Multiple conflicting data sources exist.
We construct the algorithm by modifying neutrosophic Dijkstra’s steps:
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function_neutrosophic_dijkstra(Graph, source):

for v in Graph. vertices:
dist[v] = ∞ # Initially all the distances are unknown
parent[v] = None
dist[source] = 0
PQ = priority_queue() # Priority Queue for inserting source
PQ.insert(0, source) # Inserting source node to Priority Queue
while PQ is not empty:
(d, u) = PQ.extract_min() # Finding the node with minimum distance from the prioityqueue
for each edge (u, v) with neutrosophic weight (T, I, F ):
cost= (2 + T − F − I)/3 # Score function
ifdist[v] > dist[u] + cost : # Check whether the current path is the shortest path
dist[v] = dist[u] + cost
parent[v] = u
PQ.decrease_key(v, dist[v])
return dist, parent

Time Complexity: O((V + E)logV )

Procedure_Neutrosophic_Dijkstra(Graph, source)
———‐ Initialization ———‐
for each vertex v in Graph.vertices do
dist[v] → ∞ // Initially all nodes are not reachable
parent[v]←NIL // no parent yet end for
dist[source] → 0
PQ → new PriorityQueue() // min‐heap keyed by distance
PQ.insert(0, source)

———‐ Main loop ———‐
while PQ is not empty do
(d, u) → PQ.extractmin() // node u with smallest dist
for each edge (u, v) inGraph.adj[u] do
(T, I, F )←weight(u, v) // neutrosophic weight
// Convert neutrosophic triple into scalar cost
cost→ (2 + T − F − I)/3
// Relax edge if shorter path is found if dist[v] > dist[u] + cost then
dist[v] → dist[u] + cost
parent[v] → u
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The flowchart in Figure 1 explains Dijkstra’s algorithm for a neutrosophic graph. First, initialize
each vertex with distance infinity and parent as None. Insert the source vertex into the priority queue
with distance zero. While the priority queue is not empty, extract the vertex with minimum distance.
For each adjacent edge (u, v) having neutrosophic weight (T, I, F ), compute a crisp cost using the
formula (2+T−F−I)

3
. Compare the new distance with the current distance of v. If the new value is

smaller, update dist[v] and set parent [v] = u. Repeat until the queue becomes empty and return
distances and parents.

Fig. 1. Flowchart of Dijkstra’s algorithm

3.1 Illustrative Example
In a crisp graph, each edge has a single fixedweight. This assumes the data is exact and fully known.

However, in real‐world problems (transportation, medical diagnosis, communication networks), in‐
formation may be uncertain. Thus, the shortest path reflects not only cost but also reliability and
indeterminacy. Many practical systems involve ambiguous or partially known data. Classical Dijkstra
cannot handle indeterminate information. Neutrosophic Dijkstra was motivated to incorporate un‐
certainty directly into path optimization, improving decision‐making accuracy. Consider Figure 2 is
an SVN‐graph and Table 3 represents as the edge‐membership value and its score value of the SVN‐
network in Figure 2, using the definition of the score of an edge. The aim is to compute the shortest
distance and path between the source and destination nodes on the network.
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v1

v4

v6

v5

v3

v2

Fig. 2. SVN‐network G̊N

Table 3
Score value of SVN‐network G̊N

Edges Edge Membership Value Score of an Edge

V1 − V2 (0.4, 0.6, 0) 0.6
V1 − V3 (0.2, 0.3, 0.4) 0.5
V2 − V3 (0.1, 0.4, 0.6) 0.36
V2 − V5 (0.7, 0.6, 0.8) 0.43
V3 − V4 (0.5, 0.3, 0.1) 0.7
V3 − V5 (0.3, 0.4, 0.7) 0.4
V4 − V6 (0.3, 0.2, 0.6) 0.5
V5 − V6 (0.6, 0.5, 0.3) 0.6

We use the Dijkstra method on the SVN network G̊N to discover the shortest path between the
networks, as shown below:
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Step 1:

V1

V3

0.5

Step 2:

V1

V3

V5

0.5 0.4

Step 3:

V1

V3

V5

V6
0.5 0.4 0.6

Fig. 3. Shortest path distance from V1 to V6 of Figure 2

Hence, in Figure 3, the shortest path distance from V1 to V6 using Dijkstra’s algorithm is V1 − V3 −
V5 − V6 and the total distance is 0.5 + 0.4 + 0.6 = 1.5.
3.2 Comparison analysis

Thepaper ”Shortest Path ProblemonSVN‐graphs” [26] uses and shows SVN‐networks. Said Broumi
et al. [26] identified the shortest distance in the SVN network. Among others, Said Broumi used the
neutrosophic shortest path algorithm. We used Dijkstra‐algorithm to compute the shortest path of
G̊N, which is also part of the neutrosophic idea. Table 4 shows the score value generated for each
edge.

Table 4
Comparison analysis
Method Score of Shortest path distance

Neutrosophic shortest path
algorithm [26]

V1 − V3 − V4 − V6 = 1.7

Dijkstra’s algorithm V1 − V3 − V5 − V6 = 1.5

The comparison table shows that the neutrosophic shortest path algorithm selects the path V1 −
V3−V4−V6 with a score of 1.7, while classical Dijkstra’s algorithm selects V1−V3−V5−V6 with a lower
score of 1.5. This indicates that neutrosophic Dijkstra’s algorithm is more efficient in selecting the best
path under neutrosophic conditions. The neutrosophic approach evaluates truth, indeterminacy, and
falsity components, providing a more realistic and reliable path under uncertainty. This highlights
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the importance of the neutrosophic Dijkstra’s algorithm in handling incomplete or ambiguous data.
It improves decision‐making accuracy and is especially useful in complex real‐world networks where
uncertainty plays a significant role. It is more powerful because it systematically applies a greedy strat‐
egy with proper ranking of (T, I, F ) values, ensuring consistent comparison and faster convergence.
It reduces computational complexity, avoids unnecessary path evaluations, and improves accuracy in
decision‐making. Therefore, neutrosophic Dijkstra’s algorithm offers better optimization, efficiency,
and reliability in uncertain network environments.

4. Emergency Medical Supply Delivery During Flood Disaster Problem
4.1 Problem defintion

Studying the delivery of emergencymedical supplies during flood incidents is crucial since the issue
lies at the nexus of a potentially fatal logistical failure and a growing global threat. Supply channels
are significantly disrupted by floods, and when medical supplies are delayed, avoidable deaths ensue.
This complex reality can be modeled mathematically using a neutrosophic graph. This reasoning was
applied to a flood scenario in my research work, which demonstrated how to compute transportation
costs and penalties using neutrosophic values as opposed to fixed numbers. Decision‐makers can
determine themost effective routes that take into account the unpredictable and changing conditions,
lowering cost and delivery time and guaranteeing amore dependable supply of essential products like
food and medicine by solving the optimization issue on this graph.
4.2 Data Sets

The research findings show that studies utilizing neutrosophic graphs to simulate disaster logistics
frequently rely on two types of data: synthetic and literature‐based data and estimates, and decision‐
maker inputs. The technique normally consists of two major steps:

1. Define the Network and Problem Structure.
2. Assigning Neutrosophic values to edges.
In the context of our flood research, our data collection process is most likely dependent on spe‐

cialist knowledge. The unique (T, I, F ) values assigned to each road are not derived from a single
database. Instead, they are the result of a procedure in which a decision‐maker or expert panel as‐
sesses each route’s status (reliability, uncertainty, and hazard) using reports and knowledge of the
flood’s impact. This is precisely how models like yours use ”partial reports, flooded roads, destroyed
bridges, and unpredictable traffic” to calculate the best path.

A neutrosophic fuzzy graph depicts the uncertain road conditions between Central Hospital (H)
and Relief Camp (R). Each edge is classified as truth (passable), indeterminacy (unknown status), or
falsity (impassable). The team calculates the best route, maximizing truth while minimizing indeter‐
minacy and falsehood. This manages partial reports, flooded roads, destroyed bridges, and unpre‐
dictable traffic, guaranteeing that medicine is delivered reliably despite unclear and changing disaster
data. Consider the eight vertices: H (Central Hospital), A (Junction‐A), B (Junction‐B), C (Junction‐
C), D (Junction‐D), E (Junction‐E), F (Junction‐F), R (Relief Camp). Neutrosophic edge membership is
represented as (T, I, F ), where T denotes road reliability, I represents uncertainty, and F indicates
failure or blockage risk. The above emergency medical supply delivery during flood disaster problem
is depicted in Figure 4 and its edge membership is shown in Table 5.
4.3 Numerical Results

We apply Dijkstra’s algorithm to emergency medical supply delivery during a flood disaster from
the central hospital (H) to Relied camp (R) as follows: Initialization:
dist[H] = 0, others= ∞
From H:
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H

A B

C D

FE

R

Fig. 4. Emergency Medical Supply Delivery During Flood Disaster Problem

Table 5
Neustrosophic edge membership value and its score values
Edge Neutrosophic Weight Score value of edge

H → A (0.90, 0.05, 0.05) 0.93
H → B (0.70, 0.20, 0.10) 0.80
A → C (0.80, 0.10, 0.10) 0.87
A → D (0.60, 0.20, 0.20) 0.73
B → D (0.75, 0.15, 0.10) 0.83
C → E (0.85, 0.10, 0.05) 0.90
D → E (0.65, 0.20, 0.20) 0.75
D → F (0.70, 0.15, 0.15) 0.80
E → R (0.90, 0.05, 0.05) 0.93
F → R (0.60, 0.20, 0.30) 0.70

{
H −→ A : 0 + 0.9333 = 0.9333

H −→ B : 0 + 0.8000 = 0.8000

dist = {H : 0, A : 0.9333, B : 0.8000, others : ∞}
Pick B (smallest : 0.8000)
From B:
B −→ D : 0.8000 + 0.8333 = 1.6333 (better than∞ −→ update D)
dist[D] = 1.6333
Pick A (0.9333)
From A:{
A −→ C : 0.9333 + 0.8667 = 1.8000

A −→ D : 0.9333 + 0.7333 = 1.6666 (worse than 1.6333 −→ no update)
dist[C] = 1.8000
Pick D (1.6333)
From D:{
D −→ E : 1.6333 + 0.7500 = 2.3833

D −→ F : 1.6333 + 0.8000 = 2.4333
dist[E] = 2.3833, dist[F ] = 2.4333
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Pick C (1.8000)
From C: C −→ E : 1.8000 + 0.9000 = 2.7000 (worse than 2.3833∞ no update)
Pick E (2.3833)
From E:
E −→ R : 2.3833 + 0.9333 = 3.3166
Pick F (2.4333), but F −→ R : 2.4333 + 0.7000 = 3.1333
3.1333 < 3.3166 −→ update R via F.
Shortest path
Path: H −→ B −→ D −→ F −→ R
Total score distance= 3.1333.
4.4 Discussion

1. Suggestions of Shortest Path: Flooding changes frequently; thus use real‐time sensor updates
to refresh (T, I, F ) data. Precalculate at least two backup pathways. Consider using a weighted
score function to prioritize failure risk (F ) over reliability (T ) in emergency care delivery.

2. Merits of Shortest Path: Reduces the risk of both blockage and compounded uncertainty. High‐
indeterminacy edges such as A −→ D are avoided. effectively uses transformed crisp scores
with Dijkstra. T ≥ 0.6 and F ≤ 0.3 for each edge guarantee that the route is free of critical
failure points.

3. Demerits of Shortest Path: longest topological path with four edges. Edge F −→ R has the
weakest link, F = 0.3. Static neutrosophic values disregard changes in floods in real time.
Although the score function treats T , I , and F equally, disaster response ought to penalize F
more severely. No redundancy; the entire delivery is disrupted by a single edge failure.

In crisp graphs with exact edge weights, the traditional Dijkstra’s algorithm determines the short‐
est path. On the other hand, uncertainty, indeterminacy, and inadequate information are present
in real‐world problems. Neutrosophic graphs explicitly model indeterminacy (I), or circumstances
in which information is unclear, contradictory, or ambiguous, in contrast to fuzzy graphs, which just
record uncertainty. For making decisions in real time, this is essential. The algorithm can compare
pathways under several competing criteria at once by minimizing neutrosophic distance using score
or accuracy functions. The algorithm reduces risk in crucial applications by identifying paths with both
high truth and low falsehood by taking the falsity component into account. As indeterminacy resolves,
edge weights may vary over time, and the algorithm can effectively recalculate pathways. This en‐
sures the ambulance follows the most reliable route rather than just the shortest one, saving lives by
avoiding paths with high indeterminacy or falsehood, even if they are geographically shorter. By sub‐
stituting neutrosophic triples (T, I, F ) for crisp weights, the framework improves traditional Dijkstra
and allows optimum pathfinding that directly represents truth, indeterminacy, and falsehood. This
immediately enhances engineering performance in high‐uncertainty emergency situations, decision
quality, logistical dependability, and system resilience.

5. Conclusion
The unique neutrosophic Dijkstra’s algorithm was provided in this work, along with a compara‐

tive analysis and illustrative example showing its superiority over traditional techniques in uncertain
contexts. In Section 4, a real‐world case investigation involving the delivery of emergency medical
supplies during a flood disaster was used to confirm the practical applicability of our strategy. In or‐
der to ensure that life‐saving supplies reach afflicted areas via the most reliable routes rather than
only the quickest ones, this application demonstrated how the algorithm efficiently prioritizes routes
with high truth and low indeterminacy.

Our flood‐disaster case study demonstrates how this approach can reduce route computation time
from hours to seconds. For emergency medical dispatchers, this translates directly into actionable
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intelligence, allowing them to dynamically reroute supplies as floodwaters rise, even when satellite
data is inconsistent or delayed. In essence, we transformed an abstract mathematical model into a
life‐saving decision‐making tool. Future study should expand this heuristic approach to general cyclic
networks by including visited‐node penalties or adaptive relaxation techniques, making it feasible for
urban search‐and‐rescue operations.

The shortest path is not sufficient for real‐world applications includingmedical logistics, autonomous
driving, military navigation, and disaster response. Even if these routes are geographically longer,
decision‐makers require reliable paths that avoid large levels of falsehood and indeterminacy. An am‐
bulance routing system, for example,must steer clear of highwayswith ambiguous obstacles or contra‐
dictory information. Therefore, the goal of neutrosophic Dijkstra is to improve safety, efficiency, and
decision quality in mission‐critical operations by providing robust, risk‐aware, and adaptive pathfind‐
ing under real uncertainty. The author plans to use the Floyd‐Warshall algorithm to investigate the
shortest path problem in future work. The Floyd‐Warshall approach is perfect for applications requir‐
ing all‐pairs shortest path information because, in contrast to single‐source algorithms like Dijkstra’s,
it calculates the shortest distances between each pair of vertices simultaneously.
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