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Abstract

Precision agriculture employs advanced technologies to enhance farm productivity and
sustainability; however, selecting the most appropriate tools can be challenging for small
and medium-sized farms. This study conducts a comparative analysis of ten key preci-
sion agriculture technologies (PATs): remote sensing, GPS, GIS, VRT, soil & crop sensors,
DSS, UAVs/Drones, AI & ML-based precision farming, autonomous agricultural ma-
chinery, and IoT-based smart farming. The analysis employs a neutrosophic set-based
multi-criteria decision-making (MCDM) framework. Domain experts evaluated ten rep-
resentative technologies using a structured questionnaire based on ten critical criteria,
including spatial-temporal accuracy, data acquisition latency, scalability, robustness, in-
teroperability, environmental resilience, economic feasibility, and agro-ecological impact.
A hybrid MCDM methodology was employed, integrating neutrosophic entropy and
DEMATEL to construct criterion weights. Furthermore, we utilized neutrosophic DEMA-
TEL to identify inter-criterion causal relationships. Neutrosophic TOPSIS, enhanced by
a newly proposed hybrid Cosine-Jaccard similarity measure, was introduced to rank the
alternatives under conditions of uncertainty. The findings reveal that IoT-based smart
farming solutions achieved the highest overall score, followed by remote sensing and
decision-support system (DSS) platforms. At the same time, variable-rate technology and
sensor networks received lower rankings. The findings underscore the appropriateness of
particular PATs for small and medium-scale farming contexts and illustrate the effectiveness
of neutrosophic MCDM in addressing ambiguity and indeterminacy. The comparative
insights provide direction for researchers, policymakers, and practitioners in prioritizing
precision agriculture technologies and strategies to enhance sustainable practices in small
and medium-scale farming.

Keywords: precision agriculture technologies; neutrosophic MCDM; entropy; DEMATEL;
hybrid similarity measure; TOPSIS

1. Introduction
Precision agriculture (PA) has arisen as a revolutionary approach to augmenting

agricultural productivity and resource efficiency through site-specific field management.
Technologies such as GPS, GIS, sensors, UAV photography, and data analytics enhance
decision-making and significantly impact profitability and sustainability, particularly in
extensive agricultural systems [1]. The UNDP report “Precision Agriculture for Smallholder
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Farmers” (2021) indicates that digital instruments such as mobile phones, satellites, drones,
and sensors can significantly enhance productivity, decrease input costs, and foster environ-
mental sustainability in smallholder systems. The paper emphasizes increasing accessibility
in developing regions while also acknowledging enduring systemic and implementation
obstacles [2].

Recent technological advancements are increasingly broadening the relevance of pre-
cision agriculture across various farming scenarios. Autonomous agricultural vehicles
employing nonlinear model predictive control (NMPC) have demonstrated resilient navi-
gation and real-time performance in unpredictable field settings [3]. In contrast, distributed
NMPC has enabled efficient trajectory tracking in intricate tractor-trailer systems [4]. Un-
manned aerial vehicles (UAVs) outfitted with multispectral and thermal imaging systems
are indispensable for evaluating crop vitality, soil heterogeneity, and nutrient levels. More-
over, GIS and GPS technologies are fundamental to site-specific management and informed
decision-making [5,6]. Advancements in economical GNSS systems, optical odometry, and
UAV-based imaging have significantly increased accessibility for small and medium-sized
farms [7–10]. Agriculture 4.0, driven by decision support systems (DSS), IoT, GNSS, and
wireless sensor networks, enhances resource optimization at the system level, though per-
sistent usability issues remain [11]. Multi-GNSS PPP provides a cost-effective alternative
for high-precision positioning, particularly in obstructed environments [12].

The integration of IoT-based sensor networks, UAV imaging, and remote sensing
has transformed precision agriculture by facilitating real-time monitoring, site-specific
management, and energy-efficient irrigation practices [13–15]. Integration of sensor and
UAV data facilitates automated assessment of crop health. In contrast, hyperspectral and
multispectral imaging enhance the precision of disease detection, nutrient estimation,
and biomass evaluation across various crops [16–18]. UAV enabled IoT systems have
been widely used in irrigation, pest detection, and phenotyping, demonstrating high
accuracy and enabling timely decision-making [19–21]. Machine learning models applied
to UAV and sensor data have improved early pest management, yield prediction, and soil
moisture estimation, underscoring the importance of intelligent, data-driven systems in
commercial agriculture.

Recent advancements in smart farming integrate UAV platforms, deep learning, geoin-
formatics, blockchain-enhanced IoT, and cloud-based analytics to improve disease detection,
plant management, and resource optimization [22–26]. Machine learning integrated with
IoT sensors enables accurate irrigation, crop health assessment, and disease forecasting,
while variable-rate technologies (VRT), including NDVI-based fertilizer applicators, min-
imize input waste and promote sustainability [27–30]. Innovations such as GPS-based
navigation, soil-sensing technologies, intelligent UAV sprayers, cost-effective multirotor
systems, and RTK-enhanced mapping are enhancing the efficiency of small- and medium-
scale farming operations [31–38]. Smart agriculture solutions that incorporate GIS-deep
learning models, IoT-enabled aeroponics, AI-based advisory systems, and UAV-assisted
chemical application underscore the growing transition towards intelligent, scalable, and
environmentally sustainable farming practices [39–43].

Despite technological advancements, decision-making in precision agriculture remains
complex due to uncertain environmental conditions, incomplete data, conflicting expert
opinions, and diverse evaluation criteria. Multi-criteria decision-making (MCDM) methods
have been widely employed to address these challenges since the 1960s, concentrating
on the analysis of competing objectives with varying weights and dimensions. MCDM
has evolved into structured methodologies such as AHP and TOPSIS, and is now widely
utilized in sustainability, engineering, and management contexts [44]. Classical and fuzzy
MCDM techniques often struggle to capture indeterminacy in expert judgements effectively.
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Neutrosophic sets, introduced by Smarandache [45] extend fuzzy and intuitionistic fuzzy
sets by integrating three independent membership components: truth, indeterminacy, and
falsity. This framework provides a more robust mathematical structure for representing
uncertain and inconsistent information.

Despite significant progress in precision agriculture, current research remains frag-
mented, mainly focusing on individual technologies such as drones, sensors, and GPS
tools in isolation. There has been no previous research that provides a comprehensive,
multi-criteria, neutrosophic assessment of a wide range of ten critical PATs, particularly
in the context of small and medium-sized farms. Furthermore, current decision-making
frameworks predominantly rely on classical or fuzzy MCDM methods, which fail to ade-
quately capture indeterminacy, conflicting expert judgments, and inherent uncertainty in
real-world agricultural environments. Although individual neutrosophic methods, such
as neutrosophic entropy, DEMATEL, and TOPSIS, have been applied independently in
other domains, the literature lacks an integrated hybrid framework that simultaneously
incorporates objective entropy weights, causal interdependencies (as in DEMATEL), and
robust ranking mechanisms (as in TOPSIS) for comprehensive PAT assessment. This clear
methodological and practical gap underscores the need for a holistic, uncertainty-resilient,
neutrosophic MCDM framework capable of comparing multiple PATs and guiding technol-
ogy selection tailored to the needs of small and medium-scale farms.

This study has been assembled around essential investigation objectives.

1. To explore and evaluate the core types of ten precision agriculture technologies based
on insights from academic research and real-world applications.

2. To define ten key assessment criteria for the practical evaluation of these technologies.
3. To conduct a comparative study that identifies the advantages, drawbacks, and

real-world applicability of various technologies across different agricultural settings.
4. To focus on recognizing technologies that are particularly suitable for the needs and

constraints of small and medium-scale farming sectors.
5. To develop practical recommendations that can assist farmers, researchers, and policy-

makers in making informed decisions about adopting precision agriculture technologies.

We established a specialist-oriented assessment methodology to prioritize essential
PATs based on factors including accuracy, operational sustainability, economic feasibility,
and scalability. We evaluated technologies such as UAVs, IoT, DSS, ML, and VRT using
expert ratings and categorized them by performance. This methodology helps identify the
most efficient solutions for contemporary, data-driven agriculture.

This research enhances the existing body of knowledge on precision agriculture
through several significant avenues. Currently, there is a paucity of research systematically
evaluating PATs against essential criteria, including accuracy, environmental resilience,
ease of adoption, and scalability. This study identifies and analyses the most pertinent
evaluation criteria for selecting PAT. Secondly, it evaluates key technologies such as UAVs,
IoT systems, DSS, ML, and VRT according to their performance against these criteria.
This study represents one of the initial comparative assessments of PATs designed ex-
plicitly for small to medium-scale farming contexts, providing significant insights for
researchers, policymakers, and practitioners focused on improving sustainable, data-driven
agricultural practices.

Note that these PATs are often used in combination rather than as isolated tools;
for example, GPS data and satellite/drone imagery are typically integrated within a GIS
framework to generate precise farm maps [46].

https://doi.org/10.3390/ijgi15030116

https://doi.org/10.3390/ijgi15030116


ISPRS Int. J. Geo-Inf. 2026, 15, 116 4 of 38

2. Materials and Methods
2.1. Description of Existing Methods

Existing literature extensively employs MCDM and neutrosophic methods to address
complex decision-making problems under uncertainty. Prior research in agriculture has exten-
sively employed MCDM methodologies, including fuzzy logic [47,48] and fuzzy-TOPSIS [49].
Similarly, neutrosophic sets have been extensively used in MCDM techniques, such as neutro-
sophic entropy [50–55], neutrosophic DEMATEL [56–58], neutrosophic TOPSIS [59,60], and
neutrosophic MCDM [61–70].

Recent studies emphasize the growing importance of neutrosophic sets, MCDM tech-
niques, and similarity measures in enabling sustainable, data-driven decision-making
across sectors. Advanced hybrid MCDM frameworks have enhanced financial and strategic
evaluations, as shown by Liew et al. [71], who integrated entropy, DEMATEL, and TOPSIS
to evaluate the financial health of Dow Jones Industrial Average firms by identifying key
indicators such as ROE, CR, and DER. Nabeeh et al. [72] formulated a neutrosophic AHP
model for IoT-driven enterprises, assessing criteria such as safety, interactivity, and value,
and adeptly addressing ambiguity, validated through case studies from Egypt, the UK,
and China. Salam et al. [73] introduced a neutrosophic MABAC-entropy framework for
UAV selection in agriculture under uncertain conditions, highlighting payload, endurance,
and size as critical factors, and determining the YAMAHA FAZER R as the optimal choice.
These studies collectively indicate that hybrid neutrosophic MCDM approaches are increas-
ingly vital for precise evaluation, forecasting, and technology adoption in uncertain and
complex environments.

2.2. Collection of Data and Data Preprocessing

The current study used a structured questionnaire to collect opinions from special-
ists on the scrutiny of 10 precision agriculture technologies (PATs), each constructed in
accordance with the 10 fundamental requirements. The ten alternative PATs considered

in the study for evaluation are denoted by symbols (
∼
A1 −

∼
A10) for consistency in the

neutrosophic MCDM analysis, as shown in Table 1.
It is difficult to make direct comparisons across precision agriculture technologies

because they each have different advantages, limitations, and purposes. For instance, GIS
is usually used to analyze spatial patterns, GPS is used to locate things precisely, and
remote sensing is used to learn about land and crops. In the real world, these technologies
are commonly used together to achieve specific management goals rather than alone. It
is crucial to compare PATs, even though they differ. This will help you choose the ideal
technologies for your farm and make decisions when you do not know what will happen.
These comparisons help people interested in a project find the best solutions by evaluating
options based on factors such as cost, effectiveness, and ease of use.

Table 2 summarizes the ten criteria used to evaluate the performance of PATs in the

study. Each criterion is denoted by a symbol
(∼
C1 −

∼
C10

)
and classified as either a benefit or

a cost attribute. The descriptions clarify what each criterion measures, ensuring consistency
in the neutrosophic MCDM analysis.
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Table 1. Investigated precision agriculture technologies (PATs).

S.no Types of PATs Symbol Description

1 Remote Sensing
∼
A1

Collects information about crops and soil from a distance
using satellites or aerial imagery.

2 Global Positioning System (GPS)
∼
A2

Provides precise location data for field operations
and mapping.

3 Geographic Information System (GIS)
∼
A3

Manages and analyses spatial and geographic data
for farm planning.

4 Variable Rate Technology (VRT)
∼
A4

Adjusts the application of inputs, such as fertilizers and
seeds, based on field variability.

5 Soil and Crop Sensors
∼
A5

Measures soil properties and crop conditions in real time to
support decision-making.

6 Decision Support Systems (DSS)
∼
A6

Software tools that integrate data to recommend optimal
farming practices.

7 Drones/UAVs (Unmanned Aerial Vehicles)
∼
A7

Captures high-resolution imagery and monitor crop
health efficiently.

8 AI (Artificial Intelligence) and ML (Machine
Learning)-based Precision Farming

∼
A8

Uses predictive models to optimize farming operations
and yields.

9 Autonomous Agricultural Machinery
∼
A9

Self-operating equipment for planting, harvesting, and field
management.

10 IoT (Internet of Things)-based Smart Farming
∼
A10

Connects sensors, devices, and systems to enable real-time
farm monitoring and automation

Table 2. Evaluation criteria for PATs.

S.no Criteria Symbol Attribute Type Description

1 Spatial-temporal accuracy
∼
C1 Benefit

Measures the precision and timeliness of information
collected by technology, including location accuracy and
frequency of updates.

2 Data acquisition latency
∼
C2 Cost Captures the delay between data collection and

decision-making availability; lower latency is preferable.

3 Scalability and deployability
∼
C3 Benefit Reflects how easily technology can be expanded or

implemented across different farm sizes and locations.

4 Algorithmic robustness and
AI integration

∼
C4 Benefit

Assesses the reliability and adaptability of the
underlying algorithms, including integration with
AI/ML models.

5 System interoperability and
data integration

∼
C5 Benefit Evaluates the technology’s ability to integrate with other

systems and datasets for seamless operations.

6 Environmental resilience
∼
C6 Benefit

Measures the technology’s robustness to environmental
conditions, including weather, soil variability,
and climate.

7 Economic feasibility and ROI
(return on investment)

∼
C7 Benefit Reflects cost-effectiveness, initial investment, operational

costs, and expected return on investment.

8 Automation and
cognitive ergonomics

∼
C8 Benefit Evaluates the level of automation and ease of use for

operators, reducing human effort and cognitive load.

9 Operational sustainability
∼
C9 Benefit Assesses long-term maintainability, reliability, and

efficiency of the technology in farm operations

10 Agro-ecological impact
∼
C10 Benefit Measures the positive or negative effects on soil health,

biodiversity, and overall ecosystem sustainability.

While there are ten evaluation criteria, nine of them, (
∼
C1,

∼
C3 −

∼
C10), are regarded as

benefit criteria. Higher values demonstrate better performance. Only the data acquisition

latency (
∼
C2) is considered a cost criterion, as it is considered more desirable to have a shorter

latency. In the construction of positive and negative ideal solutions in the neutrosophic
TOPSIS analysis, this classification ensures consistency. These criteria were chosen to
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conduct an all-encompassing evaluation of PATs across their technological, operational,
economic, and environmental aspects. These models capture the significant aspects that
determine performance, adoption feasibility, and sustainability in real-world farming
contexts. The research survey was communicated to five domain-qualified professionals:
four in precision agriculture and one in environmental science. Their insights provide
an exhaustive review, enabling an accurate comparison of several technologies according
to the established standards of conduct. The study uses assessments from five experts, a
number consistent with standard practices in neutrosophic and fuzzy MCDM research,
where 3–7 experts are generally adequate given the cognitively demanding nature of
uncertainty driven linguistic evaluations. The experts were intentionally selected for their
expertise in precision agriculture and environmental systems, resulting in a small yet highly
specialized and representative panel. We recognize that the small sample size may heighten
sensitivity to individual judgments; thus, we implemented expert-importance weighting
and robustness checks, including consistency assessments, to address this limitation. The
remaining steps of the research procedure are illustrated in detail in the flowchart presented
in Figure 1.

 

Figure 1. Flow of research.

https://doi.org/10.3390/ijgi15030116

https://doi.org/10.3390/ijgi15030116


ISPRS Int. J. Geo-Inf. 2026, 15, 116 7 of 38

Questionnaire Structure and Expert Evaluation Procedure

A standardized questionnaire was distributed to five domain experts, who responded
independently to prevent group influence or mutual adjustment. The questionnaire in-
cluded comprehensive descriptions of the ten evaluation criteria. It required experts to
assess PAT using the single-valued neutrosophic linguistic scale (Table 3), which comprises
eleven ordered terms ranging from ‘Extremely Bad’ to ‘Extremely Good’, each denoted by
predefined (T, I, F) membership triplets.

Prior to undertaking the survey, experts received a succinct orientation on the interpre-
tation of neutrosophic truth, indeterminacy, and falsity values, thereby ensuring uniform
application of the scale. Upon collecting replies, fundamental consistency checks were
performed to detect contradictory or ambiguous judgements; only authentic inconsistencies
were referred back to experts for explanation. The residual fluctuations across experts
were addressed objectively with the neutrosophic aggregation operator in Equation (4),
which incorporates uncertainty and variations in confidence via the expert-importance
weighting system.

2.3. Preliminaries

Some fundamental definitions of neutrosophic sets (NSs), single-valued neutrosophic
sets (SVNSs), decision maker weights, the deneutrosophication of single-valued neutro-
sophic numbers (SVNNs), and arithmetic operations of SVNNs are given in this section.

Neutrosophic Set (NS): The neutrosophic set has its roots in neutrosophy, a relatively
recent area of philosophy that examines the nature, origin, and extent of neutralities, and
their interactions with various ideational spectra.

Definition 1 ([59]). Let X denote the universe of discourse. The NS M in X has the following form.

M = {⟨ x, TM(x), IM(x), FM(x) ⟩ |x ∈ X} (1)

where TM(x) denotes the truth-membership function; TM ∈ ] 0−, 1+[; IM(x) denotes the
indeterminacy-membership function; IM ∈ ] 0−, 1+[ ; and FM(x)denotes the falsity-membership
function; FM ∈ ] 0−, 1+[. These membership functions must satisfy the following constraints:

0− ≤ TM(x) + IM(x) + FM(x) ≤ 3+

Definition 2 ([45]). The complement of NS M is denoted by Mc and defined as Tc
M(x) = 1+ − TM(x),

Ic
M(x) = 1+ − IM(x), and Fc

M(x) = 1+ − FM(x) for all x ∈ X.

Definition 3 ([45]). A neutrosophic set M is contained in another neutrosophic set N, i.e.,
if and only if inf TM(x) ≤ inf TN(x), sup TM(x) ≤ sup TN(x), inf IM(x) ≥ inf IN(x),
sup IM(x) ≥ sup IN(x),inf FM(x) ≥ inf FN(x), sup FM(x) ≥ sup FN(x) for all x in X.

Single-Valued Neutrosophic Set (SVNS): SVNS is a special case of neutrosophic sets.
There are practical, scientific, and engineering uses for it. Some fundamental definitions,
operations, and characteristics of SVNS are presented in the sections that follow.

Definition 4 ([59]). Let X be a nonempty set. The SVNS M in X has the following form:

M = {⟨ x, TM(x), IM(x), FM(x) ⟩ |x ∈ X}

where membership functions TM, IM, and FM ∈ ] 0−, 1+[ and satisfy the following constraint:

0− ≤ TM(x) + IM(x) + FM(x) ≤ 3+ (2)

https://doi.org/10.3390/ijgi15030116
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Definition 5 ([59]). A SVNN m = ⟨tm(x), im(x), fm(x)⟩ is a special case of an SVNS on the real
numbers R, where tm(x), im(x), fm(x) ∈ [0, 1] and 0 ≤ tm(x)im(x) + fm(x) ≤ 3.

Definition 6 ([62]). Decision makers’ relative relevance might fluctuate in a decision-making
situation. The important weight should be calculated to represent the significance of decision makers
in the decision-making process. In these circumstances, SVNNs can be used to rate the relevance of
decision makers; the important weight of the kth decision maker can be written as follows:

wk =
1 −

√{
(1 − Tk)

2 + (Ik)
2 + (Fk)

2
}

/3

∑
q
k=1

(
1 −

√{
(1 − Tk)

2 + (Ik)
2 + (Fk)

2
}

/3
) (3)

Definition 7 ([56]). The criteria and options in an MCDM challenge may be viewed differently by
each decision maker. The majority of MCDM methods, including neutrosophic DEMATEL, require
combining decision makers’ opinions with varying relevance weights. In light of this instance, let
Ak =

(
ak

ij

)
n×n

represent the kth decision makers’ decision matrix and w =
(
w1, w2, . . . , wq

)U rep-

resent the decision makers’ importance vector. The evaluation aggregate of several decision makers
with varying importance weights can then be computed as shown in Equation (4).

SVNWAw

(
a(1)ij , a(2)ij , . . . , a(q)ij

)
=

q
∏

k=1
wjaj

= 1 −
q

∏
k=1

(
1 − T(k)

ij

)Wk
,

q
∏

k=1

(
I(k)ij

)Wk
,

q
∏

k=1

(
F(k)

ij

)Wk
(4)

The process of converting any neutrosophic number into a single actual number is
known as deneutrosophication. The Definition of SVNN deneutrosophication is as follows:

Definition 8 ([65]). Let M = {⟨x, TM(x), IM(x), FM(x)⟩ |x ∈ X} be an SVNN; then the
deneutrosophication of M is the process of the set M mapping into a real number Y ∈ X, i.e.,
f : M → Y for x ∈ X. The set M is reduced to a crisp number Y ∈ X. Therefore, the deneutro-

sophication can be computed as Equation (5).

YM = 1 −
√{

(1 − TM(x))2 + (IM(x))2 + (FM(x))2
}

/3 (5)

Definition 9 ([45,74]). Let
∼
M = ⟨T ∼

M
(x), I ∼

M
(x),F ∼

M
(x)⟩ and

∼
N = ⟨T ∼

N
(x), I ∼

N
(x),F ∼

N
(x)⟩

be any two SVNNs; then the following definitions of arithmetic operations are given.

(i)
∼
M+

∼
N = T ∼

M
(x) + T ∼

N
(x)− T ∼

M
(x).T ∼

N
(x), I ∼

M
(x).I ∼

N
(x),F ∼

M
(x).F ∼

N
(x)

(ii)
∼
M ×

∼
N = T ∼

M
(x).T ∼

N
(x), I ∼

M
(x) + I ∼

N
(x) − I ∼

M
(x).I ∼

N
(x),F ∼

M
(x) + F ∼

N
(x)−

F ∼
M
(x).F ∼

N
(x)

(iii)
∼
M∪

∼
N = {max(T ∼

M
(x), T ∼

N
(x)), max(I ∼

M
(x), I ∼

N
(x)), min(F ∼

M
(x),F ∼

N
(x))}

(iv)
∼
M∩

∼
N = {min(T ∼

M
(x), T ∼

N
(x)), max(I ∼

M
(x), I ∼

N
(x)), max(F ∼

M
(x),F ∼

N
(x))}

(v) λ
∼
M = {1 − (1 − T ∼

M
(x))λ, (I ∼

M
(x))λ, (F ∼

M
(x))λ}

(vi) (
∼
M)λ = {(T ∼

M
(x))λ, (1 − (1 − I ∼

M
(x))λ), (1 − (1 −F ∼

M
(x))λ)}
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2.4. Similarity Measure

In multi-criteria decision-making (MCDM) involving neutrosophic sets, a similarity
measure is a vital mathematical function used to quantify the degree of resemblance be-
tween two alternatives or between an alternative and the ideal solution. The similarity
measure helps in determining how close a given alternative is to the positive ideal so-
lution (PIS) and how far it is from the negative ideal solution (NIS), which is crucial for
effective ranking.

3. Proposed Method for Weight Determination and Ranking Utilizing
Neutrosophic Entropy-DEMATEL and Neutrosophic TOPSIS
with a Hybrid Similarity Measure

Given the uncertainty inherent in expert judgments and data incompleteness, this
study uses a hybrid similarity measure that combines the Cosine and Jaccard indices, each
weighted to reflect their contributions to decision-making. The Cosine similarity focuses
on vector orientations and is suitable for high-dimensional data. In contrast, the Jaccard
similarity measures the shared attributes between sets, making it effective for capturing
feature overlap. By integrating these two measures, the hybrid metric balances geometric
interpretation and commonality-based assessment, improving robustness.

3.1. Proposed Similarity Measure Formula [75]: Hybrid Weighted Cosine-Jaccard Neutrosophic
Similarity Measure

HybCJS (P ,Q) = ΨSCS + (1 − Ψ)SJ S where 0 ≤ Ψ ≤ 1 (6)

Cos𝓌(P ,Q) = SCS

=
n
∑
𝒾=1

𝓌𝒾
(TP (xi).TQ(xi) + IP (xi).IQ(xi) +FP (xi).FQ(xi))√(

T 2
P (xi) + I2

P (xi) +F 2
P (xi)

) √((
T 2
Q(xi) + I2

Q(xi) +F 2
Q(xi)

)) (7)

Jac𝓌(P ,Q) = SJ S =
n
∑
𝒾=1

𝓌𝒾∗
(TP (xi).TQ(xi)+IP (xi).IQ(xi)+FP (xi).FQ(xi))

[(T 2
P (xi)+I2

P (xi)+F2
P (xi))+(T 2

Q(xi)+I2
Q(xi)+F2

Q(xi))−(TP (xi).TQ(xi)+IP (xi).IQ(xi)+FP (xi).FQ(xi))]
(8)

where ∑n
i=1 𝓌i = 1

Validity checking for hybrid weighted Cosine-Jaccard neutrosophic similarity measure.
Property 1: 0 ≤ HybCJS(P ,Q) ≤ 1

Proof. Since both Cosine and Jaccard similarity measures satisfy the condition.

0 ≤ Cos𝓌(P ,Q) ≤ 1 and 0 ≤ Jac𝓌(P ,Q) ≤ 1,
⇒ The weighted combination 0 ≤ ΨCos𝓌(P ,Q) + (1 − Ψ)Jac𝓌(P ,Q) ≤ 1
⇒ 0 ≤ HybCJS(P ,Q) ≤ 1.

Property 2: symmetry condition: HybCJS(P ,Q) = HybCJS(Q,P) □

Proof. Since both Cosine and Jaccard similarity measures are symmetric, meaning that
interchanging A and B does not affect their values,

⇒ HybCJS(P ,Q) = ΨSCS + (1 − Ψ)SJS = HybCJS(Q,P)

Property 3: identity condition
If P and Q are identical
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That is if TP (xi) = T Q(xi), 𝒾P (xi)= 𝒾Q(xi), FP (xi) = FQ(xi)

Then SCS = 1 & SJS = 1 ⇒ HybCJS(P ,Q) = Ψ(1) + (1 − Ψ)(1) = θ + 1 − θ = 1
⇒ HybCJS(P ,Q) = 1

□

The proposed hybrid measure satisfies the fundamental properties of boundedness
(Property 1), symmetry (Property 2), and identity (Property 3). While the triangle inequality
is a key property for distance metrics, it is not a standard requirement for similarity
measures. The focus of the proposed HybCJS is to effectively quantify the resemblance
between neutrosophic sets for ranking purposes within the MCDM framework, for which
the established properties are sufficient and appropriate.

3.2. Proposed Methodology

MCDM is a method for ranking alternatives to identify the highest-quality quantitative
feedback. In this research, we used neutrosophic entropy and DEMATEL because of
their high accuracy in estimating the combined weight and reliability of product feature
attributes. Matrix representation of the MCDM problem:

∼
C1

∼
C2 . . .

∼
C𝓆

∼
H =

∼
A1
∼
A2

...
∼
A𝓅


𝒶́11 𝒶́12 · · · 𝒶́1𝓆

𝒶́21 𝒶́22 · · · 𝒶́2𝓆
...

...
...

...

𝒶́𝓅1 𝒶́𝓅1 · · · ‘
𝒶𝓅𝓆



where
∼
C1,

∼
C2, . . . ,

∼
C𝓆 are the criteria on which the available alternatives are to be rated,

and
∼
A1,

∼
A2, . . . ,

∼
A𝓅 are the available alternatives that the decision maker is to rank.

Based on the criterion
∼
C j, 𝒶́ij represents the performance of the value of alternative

∼
Ai, and

𝓌j represents the weight of the criterion
∼
C j.

3.2.1. Application of Entropy Method

Claude Shannon pioneered the entropy approach to evaluate data uncertainty and
unpredictability through information theory in 1948. Subsequently, it was updated to
support MCDM in impartially assigning weights to criteria based on their informational
value, where greater variability indicates greater importance. Neutrosophic set theory
(NST), which incorporates memberships of truth, indeterminacy, and falsity to address
data uncertainty, indeterminacy, and inconsistency, enhances the conventional Entropy
method; hence, we implement it. This renders it optimal for intricate decision-making with
limited data.

Neutrosophic entropy (NEntropy) is advantageous for weight determination in risk
assessment, supplier selection, PATs evaluation, environmental management, and portfolio
optimization, as it effectively addresses ambiguous and disparate data.

3.2.2. Neutrosophic Entropy Method [73]

Neutrosophic entropy helps investigate ambiguity and indeterminacy in data that
is confusing, inconsistent, or imprecise. Entropy with truth, indeterminacy, and falsity
memberships is the best for complex decision-making. Drawing on many experts’ opinions
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can help this technique overcome uncertainty and blend diverse perspectives. Follow these

procedures to compute the weights for the decision matrix
∼
H using the entropy approach:

Step 1. A brief overview of the investigation factors was constructed.

The initial stage of the PATs evaluation process involves analyzing existing standards
and establishing decision-making criteria. The parameters are categorized and examined
by a group of experts in the field for further investigation.

Step 2. Participants in the survey were experts or decision makers.

To evaluate key characteristics employing an SVNS, I collected data independently
from five experts in PATs with diverse backgrounds. Utilizing this scale, expert linguistic
phrases ranging from ‘EB’ to ‘EG’ were converted into numerical values for decision
matrices, as illustrated in Table 3. The truth, indeterminacy, and falsity of each term
(collectively referred to as SVNS) were subsequently converted into a unique value for the
proposed model. The scoring function (Equation (9)) builds data-driven decision-making
by transforming the neutrosophic matrix into a crisp matrix.

Score function =
2 + (T − F − I)

3
(9)

In this case, T, F, and I stand for truth, falsity, and indeterminacy, respectively. This
allows decision makers to rank and objectively evaluate criteria, removing less important
ones to produce a final, prioritized list.

Table 3. Single-valued neutrosophic scale [76].

Linguistic Term Abbreviation
SVNNs

T I F

Extremely Bad EB 0.00 1.00 1.00
Very Very Bad VVB 0.10 0.90 0.90
Very Bad VB 0.20 0.85 0.80
Bad B 0.30 0.75 0.70
Medium Bad MB 0.40 0.65 0.60
Medium M 0.50 0.50 0.50
Medium Good MG 0.60 0.35 0.40
Good G 0.70 0.25 0.30
Very Good VG 0.80 0.15 0.20
Very Very Good VVG 0.90 0.10 0.10
Extremely Good EG 1.00 0.00 0.00

Step 3. Aggregated and normalized decision matrix.

We use Equation (10) to combine these matrices into the aggregated decision matrix, and
Equation (11) normalizes this combined decision framework using an entropy-based technique.

Yij =
∑n

j=1 Zij

n
(10)

Normij =
Yij

∑m
j=1 Yij

(11)

Here, Zij represents the value of the ith alternative with respect to the jth criterion in
the decision matrix, n denotes the number of experts, and m is the number of alternatives.
The term ∑m

j=1 Yij indicates the total value of the jth column (criterion) in the aggregated
decision matrix.
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Step 4. Determine each criterion’s entropy value in the decision matrix.

E𝒿 = −𝒽∑m
i=1 Normij ∗ ln Normij, where 𝒽 =

1
ln(m)

(12)

Step 5. Compute the entropy’s weight for each criterion.

We𝒿 =
1 − E𝒿

∑n
j=1(1 − E𝒿)

(13)

The weights assigned to each criterion are determined at the conclusion of this step,
aiding in the PATs evaluation process.

3.2.3. Application of DEMATEL Method

DEMATEL (Decision Making Trial and Evaluation Laboratory) was invented by the
Battelle Memorial Institute in Geneva in the early 1970s to study complex cause-and-effect
relationships in decision-making problems. The criteria interdependencies are outlined
using matrix operations and directed graphs. Neutrosophic DEMATEL improves on
traditional DEMATEL by integrating neutrosophic set theory, which incorporates truth,
indeterminacy, and falsity memberships to manage expert judgment, ambiguity, vagueness,
and uncertainties. In complicated systems with confusing or contradictory relationships
and data, it works well.

Neutrosophic DEMATEL (NDEMATEL) enhances modeling of uncertain and interde-
pendent features and the identification of causal relationships in supply chain management,
sustainable development, risk management, PATs assessment, and healthcare systems.

3.2.4. Neutrosophic DEMATEL Method [62]

To determine the causal relationships among PATs, this study proposes the following
NDEMATEL approach.

Step 1. Determine the neutrosophic aggregated direct-influence matrix (DIM), denoted

as
∼
H

A
.

Each expert’s evaluation of how one element affects another is collected using the
scale shown in Table 4.

Table 4. [62]. Linguistic variables and their associated single-valued neutrosophic numbers.

Linguistic Variables Single-Valued Neutrosophic Numbers (SVNNs)

Very unimportant (VU) (0.10, 0.80, 0.90)
Unimportant (U) (0.35, 0.60, 0.70)
Medium Important (MI) (0.50, 0.40, 0.45)
Important (I) (0.80, 0.20, 0.15)
Absolutely Important (AI) (0.90, 0.10, 0.10)

Once the important weight of each expert has been determined using Equation (3),

the aggregation is performed using Equation (4), yielding the aggregated DIM, or
∼
H

A
, as

illustrated below.

∼
H

A
=


𝒶́11 · · · 𝒶́1𝓆

...
. . .

...

𝒶́𝓅1 · · · ‘
𝒶𝓅𝓆


In the matrix, the degree to which factor i influences factor j is represented by an

SVNN, aij, which is written as < Tij(x), Iij(x), Fij(x) >. Previously, these terms were
defined as the truth, indeterminacy, and falsity-membership values, respectively.
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Step 2. Normalize the neutrosophic aggregated DIM to obtain a matrix U , as shown in
Equations (4) and (5).

U = 𝓀×
∼
H

A
Where 𝓀 = Min

(
1

Max1≤i≤n∑n
j=1 Tij

,
1

Max1≤j≤n∑n
i=1 Tij

)
(14)

Thus, it is important to note that the value of 𝓀 is obtained from the truth-membership
values of the aggregated DIM during the normalization procedure. The normalized matrix
is then obtained through multiplication.

Step 3. Evaluate the total DIM S by using the following formula:

S = U + U 2 + U 3 + · · ·+ U𝓀 = U (I −U )−1 (15)

where S =
(
𝓈ij
)
𝓃×𝓃

=


𝓈11 . . . 𝓈1𝓆

...
. . .

...
𝓈𝓅1 . . . 𝓈𝓅𝓆

, and 𝓈ij =< Tij(x), Iij(x), Fij(x) >

In Equation (15), I represent the neutrosophic identity matrix.
The truth, indeterminacy, and falsity-membership functions, among other comparable

operations, are carried out independently for every element in the neutrosophic set using
Equations (16)–(18).

Matrix
[
Tij
]
= UT(1 −UT)

−1 (16)

Matrix
[
Iij
]
= UI(1 −UI)

−1 (17)

Matrix
[
Fij
]
= UF(1 −UF)

−1 (18)

The values of truth, indeterminacy, and falsity memberships are determined indepen-
dently, then combined to create the total DIM, S , prior to the deneutrosophication step.

Step 4. Determine the deneutrosophication of the total DIM, S .
To get precise numbers, the elements in matrix S are deneutrosophied. The deneu-

trosophication can be calculated using Equation (5). Equations (19) and (20) can be used
to determine the importance and relationship of each criterion from the deneutrosophied
matrix S .

∼
a = (

∼
a i)𝓃×1 =

[
𝓃

∑
j=1

𝓈ij

]
𝓃×1

(19)

∼
𝒷 = (

∼
𝒷i)1×𝓃 =

[
𝓃

∑
i=1

𝓈ij

]
1×𝓃

(20)

In the matrix S ,
∼
a i represents the sum of row i, and

∼
𝒷i represents the sum of column

j. The values (
∼
a i +

∼
𝒷i) reflect the importance of each criterion. The values (

∼
a i −

∼
𝒷i) can

be divided into two categories: cause and effect. A positive (
∼
a i −

∼
𝒷i) value indicates that

criterion i influences other criteria, whereas a negative (
∼
a i −

∼
𝒷i) value shows that criterion

i is influenced by other criteria.
Step 5. Determine the weights of the criteria

The (
∼
a i +

∼
𝒷i) values of the factors can be normalized to obtain their significance values.

The proportion of the associated value relative to the total is calculated using the classic
distance-based normalization type.
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3.2.5. Hybrid Weighting Approach [77]

The hybrid weight approach thoroughly considers and evaluates both objective and
subjective weights. The weight assigned to the criterion significantly affects the selection
of the scheme in the MCDM assessment process, as it can alter the evaluation outcome.
The application of the mixed-weight approach in the selection strategy can mitigate devia-
tions arising from a single objective or subjective weights, assuming that the quantity of
assessment index items is ‘n’ at a specific facet or evaluation level.

The weights determined by the neutrosophic entropy and DEMATEL weight methods
are denoted as Wℯj = (𝓌ℯ1, 𝓌ℯ2, . . . , 𝓌ℯn) and W𝒹j = (𝓌𝒹1, 𝓌𝒹2, . . . , 𝓌𝒹n), respec-
tively. To integrate the weight values derived from both methods, the hybrid weight vector
for each criterion is calculated as follows:

Whj =
Wℯj ×W𝒹j

∑n
j=1 Wℯj ×W𝒹j

, for j = 1, 2, . . . , n (21)

Hybrid weights Whj are normalized prior to weighting: ∑n
j=1 Whj = 1.

3.2.6. Application of TOPSIS Method

Hwang and Yoon invented the TOPSIS (Technique for Order of Preference by Simi-
larity to Ideal Solution), an MCDM method, in 1981. It examines solutions based on their
deviation from a negative ideal solution (NIS) (which lowers costs) and their closeness to
an ideal solution (which maximizes benefits). We nominate Neutrosophic TOPSIS (NTOP-
SIS) as classical TOPSIS that integrates neutrosophic set theory, which more effectively
addresses uncertainty, indeterminacy, and incomplete information by employing truth,
indeterminacy, and falsity memberships. NTOPSIS is proficient at addressing real-world
issues characterized by confusing or erroneous data.

NTOPSIS has improved decision-making in ambiguous and contentious domains,
such as supply chain management, renewable energy selection, PATs assessment, healthcare
resource distribution, and project risk appraisal.

3.2.7. Neutrosophic TOPSIS Method [62]

NTOPSIS facilitates the assessment and prioritization of multiple externally provided
alternatives using distance metrics. The identified options are presumed to be the ones
nearest to the PIS and the farthest from the NIS. The ideal solution is defined as one that
optimizes benefit criteria while decreasing cost criteria. The procedure for implementing a
neutrosophic TOPSIS approach includes the following steps:

Step 1. Aggregated neutrosophic decision matrix (NDM) [45].

Equation (3) determines the weight assigned to each expert, and Equation (4) aggre-
gates the data, yielding the aggregated NDM.

Step 2. Normalized aggregated NDM.

Rij =

∼
𝒶ij√

∑
q
i=1

(∼
𝒶ij

)2
(22)

where q is the number of alternatives.
The process of normalization is essential to the TOPSIS methodology. PATs exhibit

considerable variation by type; normalization improves fair, consistent comparisons across
these diverse technologies.

Step 3. Weighted normalized aggregated NDM.
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The weighted matrix is calculated by multiplying the normalized decision matrix by
the criteria hybrid weights (Whj), which are obtained from the hybrid weight of neutro-
sophic entropy and DEMATEL, as explained.

ϑij = Whj ×Rij (23)

Step 4. Obtain neutrosophic PIS and NIS.

The normalization in Equation (22) standardizes all criterion values onto a comparable
scale via vector normalization, ensuring unit independence across the 10 PAT criteria. This
step itself does not account for the direction of preference. Therefore, in this step, the benefit
and cost attributes (as summarized in Table 2) are explicitly treated as cost-type criteria,
such as data acquisition latency, and inverted so that higher normalized values uniformly
represent better performance. This treatment guarantees consistency when constructing
positive and negative ideal solutions (PIS and NIS). Calculate the relative neutrosophic PIS
S+

i and NIS S−
i for the benefit and cost characteristics listed below.

S+
i =

{
< max

(
Tij
)
, min

(
Iij
)
, min

(
Fij
)∣∣i = 1, 2, . . . , 𝓂

)∣∣j ∈ j+ >,
< min

(
Tij
)
, max

(
Iij
)
, max

(
Fij
)∣∣i = 1, 2, . . . , 𝓂

)∣∣j ∈ j− >,

}
(24)

S−
i =

{
< min

(
Tij
)
, max

(
Iij
)
, max

(
Fij
)∣∣i = 1, 2, . . . , 𝓂

)∣∣j ∈ j+ >,
< max

(
Tij
)
, min

(
Iij
)
, min

(
Fij
)∣∣i = 1, 2, . . . , 𝓂

)∣∣j ∈ j− >,

}
(25)

where j+ refers to the benefit impact, while j− indicates non-benefit (cost) impact.

Step 5. Compute the hybrid similarity measure of each alternative from the neutrosophic
PIS and NIS.

The hybrid weighted Cosine-Jaccard similarity measure for each alternative relative to
the neutrosophic PIS and NIS is calculated using Equations (6)–(8) to obtain the results.

Step 6. Calculation of the relative closeness coefficient (R𝒸𝒸i) with respect to the neutro-
sophic ideal solution.

R𝒸𝒸i =
S+i

S+i + S−i
(26)

where 0 ≤ R𝒸𝒸i ≤ 1.

Step 7. Compute the rank of each alternative.

According to the R𝒸𝒸i values, a higher R𝒸𝒸i indicates better performance of alterna-

tive
∼
Ai, for i = 1, 2, . . . ,𝓅.

4. Real Life Application and Results
To validate the proposed neutrosophic MCDM framework, a real-life application was

conducted to evaluate the performance of ten prominent precision agriculture technologies
(PATs) under realistic conditions. A key limitation of this study is the small number of
experts (n = 5). Although such panel sizes are standard in neutrosophic and fuzzy MCDM
applications due to the intensive nature of linguistic and uncertainty-based evaluations,
a smaller group may increase sensitivity to individual expert judgments. This limitation
is acknowledged, and robustness was strengthened through expert-importance weight-
ing, inter-rater agreement assessment, and jackknife leave-one-expert-out analysis. Each
technology was evaluated using ten carefully selected criteria that capture technical, eco-
nomic, and ecological aspects such as spatial-temporal accuracy, system interoperability,
environmental resilience, and operational sustainability. By combining the weights derived
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from the neutrosophic entropy and DEMATEL methods and ranking the alternatives using
neutrosophic TOPSIS enhanced with a hybrid similarity measure, the study delivers a
comprehensive, real-world comparison of these technologies. This application demon-
strates the practicality and robustness of the proposed model in supporting data-driven
decision-making for sustainable agricultural innovation. The categories of advanced tech-
nologies in precision agriculture are comprehensively depicted in the flowchart shown
in Figure 2.

Figure 2. Categories of advanced technologies in precision agriculture.

4.1. Empirical Results
4.1.1. Calculations of Neutrosophic Entropy Values

In NEntropy, initially, after developing the experts’ linguistic factors into a neutro-
sophic SVNN scale, precise values are derived using the score function [Equation (9)]. The
aggregated values are presented in Table A1 (Appendix A).

i.e., 𝒶́11(Remote sensing to Spatial − Temporal Accuracy) =
0.82+0.72+0.82+0.38+0.90

5 = 0.73

The aggregated numbers are normalized, using Equation (11). 𝒶́11 = 0.73
7.20 = 0.10.

The resulting normalized neutrosophic decision matrix (NDM) is presented in Table A2
(Appendix A). The entropy values and corresponding entropy weights for each criterion
within the decision matrix are generated.

𝒶́11 = 0.10 × In(0.10) = −0.23

Following normalization, the entropy values are computed by evaluating the expres-
sion ‘Normij × ln Norm

′
ij for each element. These calculations are detailed in Table A3

(Appendix A). Using Equations (12) and (13), the entropy value for each criterion is calcu-
lated, and the corresponding weights are derived. These results are summarized in Table 5.
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Table 5. Entropy value for each criterion, and its weight.

∼
C1

∼
C2

∼
C3

∼
C4

∼
C5

∼
C6

∼
C7

∼
C8

∼
C9

∼
C10

Entropy value ( Ej

)
1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Weight (Wej) 0.09 0.12 0.14 0.16 0.11 0.05 0.13 0.05 0.11 0.06

4.1.2. Calculations of Neutrosophic DEMATEL Values

In NDEMATEL, we initially obtain the importance of weight using Equation (3). i.e.,

wDM1 =
0.82

{0.82 + 0.55 + 0.55 + 0.82 + 0.82} = 0.23

The complete set of importance weights represented using SVNNs is shown in Table 6.

Table 6. Importance of decision makers with SVNNs.

DM1 DM2 DM3 DM4 DM5

Linguistic variable High important Medium
important High important High important High important

Weight in SVNN Scale (0.80, 0.20, 0.15) (0.50, 0.40, 0.45) (0.50, 0.40, 0.45) (0.80, 0.20, 0.15) (0.80, 0.20, 0.15)
Decision makers-Weight 0.23 0.16 0.16 0.23 0.23

The aggregated neutrosophic DIM is derived utilizing Equation (4). Shown as Table A4
(Appendix A), i.e.,

𝒶́11 = ⟨(1 − ((1 − 0.1)0.23 ∗ (1 − 0.1)0.16 ∗ (1 − 0.1)0.16 ∗ (1 − 0.1)0.23

∗ (1 − 0.1)0.23), (0.8)0.23 ∗ (0.8)0.16 ∗ (0.8)0.16 ∗ (0.8)0.23

∗ (0.8)0.23, (0.8)0.23 ∗ (0.8)0.16 ∗ (0.8)0.16 ∗ (0.8)0.23

∗ (0.8)0.23) = (0.10, 0.80, 0.90)⟩

Normalize the neutrosophic aggregated DIM, utilizing Equation (14). Shown as
Table A5 (Appendix A). i.e., here, 𝓀 = 0.15

𝒶́11 = (0.15 ∗ 0.10, 0.15 ∗ 0.80, 0.15 ∗ 0.90) = (0.01, 0.12, 0.13)

The Total DIM is calculated by applying Equations (16)–(18) within Microsoft Excel
(MINVERSE tool). The computation of truth, indeterminacy, and falsity values is performed
independently, followed by their integration to represent the values as SVNNs, as demon-
strated in Table A6 (Appendix A). During the deneutrosophication step, the total DIM
is transformed into precise numerical values, using Equation (3). As shown in Table A7
(Appendix A).

𝒶́11 = 1 −
√((

(1 − 0.64)2 + (0.19)2 + (0.22)2
)

/3
)
= 0.73

In Table 7,
∼
ai represents the sum o f rows, i.e., f irstrow (0.73 + 0.83 + 0.79 + 0.82 + 0.80 +

0.82 + 0.69 + 0.84 + 0.79 + 0.77) = 7.90

∼
𝒷i represents the sum o f columns, i.e., f irstcolumn(0.73 + 0.79 + 0.89

+0.82 + 0.87 + 0.81 + 0.74 + 0.87 + 0.88 + 0.81) = 8.24
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Table 7. Using Equations (19) and (20), obtain the cause-and-effect criteria.

Criteria ∼
ai

∼
𝒷i

∼
ai+

∼
𝒷i

∼
ai−

∼
𝒷i

∼
C1 7.90 8.24 16.13 −0.34
∼
C2 7.59 8.29 15.89 −0.70
∼
C3 8.59 8.31 16.90 0.29
∼
C4 7.80 8.23 16.02 −0.43
∼
C5 8.47 8.12 16.59 0.35
∼
C6 8.19 8.45 16.64 −0.26
∼
C7 7.68 7.56 15.24 0.12
∼
C8 8.48 8.40 16.88 0.08
∼
C9 8.74 8.00 16.74 0.74
∼
C10 8.04 7.89 15.92 0.15

Finally, calculate the weight (%) for each criterion. Here, ∑(
∼
a i +

∼
𝒷i) = 162.94

weight f or
∼
C1 =

16.13
162.94

= 0.10

The final importance weights of the PAT criteria using N-DEMATEL are summarized
in Table 8.

Table 8. Importance weights of PAT criteria of NDEMATEL.

Criteria (Ci)
∼
C1

∼
C2

∼
C3

∼
C4

∼
C5

∼
C6

∼
C7

∼
C8

∼
C9

∼
C10

Weight (Wdj) 0.10 0.10 0.10 0.10 0.10 0.10 0.09 0.10 0.10 0.10

The hybrid weights obtained using NEntropy and NDEMATEL methods are presented
in Table 9.

Table 9. Hybrid weight from NEntropy and NDEMATEL, using Equation (21).

Criteria’s Weight (NEntropy) Weight (NDEMATEL) Hybrid Weight
∼
C1 0.09 0.10 0.09
∼
C2 0.12 0.10 0.12
∼
C3 0.14 0.10 0.14
∼
C4 0.16 0.10 0.16
∼
C5 0.11 0.10 0.12
∼
C6 0.05 0.10 0.05
∼
C7 0.13 0.09 0.12
∼
C8 0.05 0.10 0.05
∼
C9 0.11 0.10 0.11
∼
C10 0.06 0.10 0.06

Figure 3 presents a comparison of the criteria weights for key decision-making vari-
ables derived using NEntropy, NDEMATEL, and the proposed hybrid approach.
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Figure 3. Comparing criteria weights for significant decision-making variables based on NEntropy,
NDEMATEL, and hybrid approaches.

4.1.3. Calculations of Neutrosophic TOPSIS

In NTOPSIS, the neutrosophic aggregated NDM is initially obtained by using Equation (4).
Presented as below, i.e.,

𝒶́11 = ⟨1 − ((1 − 0.80)0.23 ∗ (1 − 0.70)0.16 ∗ (1 − 0.80)0.16 ∗ (1 − 0.40)0.23∗
(1 − 0.90)0.23), (0.15)0.23 ∗ (0.25)0.16 ∗ (0.15)0.16 ∗ (0.65)0.23∗

(0.10)0.23, (0.20)0.23 ∗ (0.30)0.16 ∗ (0.20)0.16 ∗ (0.60)0.23 ∗ (0.10)0.23⟩ = (0.77,
0.21, 0.23.

Similarly, the aggregated neutrosophic decision matrix (NDM) has been calculated
and is presented in Table A8 (Appendix A). In the normalization step, using Equation (22).

𝒶́11 = ⟨0.77
2.69

,
0.21
0.59

,
0.23
0.66

⟩ = (0.28, 0.37, 0.36)

The normalized form of the aggregated NDM has been computed and is presented
in Table A9 (Appendix A). During the weighted normalization phase, each element of the
SVNNs is multiplied by its respective criterion weight, as specified in Equation (23).

𝒶́11 = ⟨0.28 ∗ 0.09, 0.37 ∗ 0.09, 0.36 ∗ 0.09⟩ = (0.02, 0.03, 0.03)

Similarly, the weighted normalized aggregated NDM has been calculated and is
presented in Table A10 (Appendix A). The neutrosophic PIS and NIS are derived from
Equations (24) and (25), respectively. As shown in Table A11 (Appendix A). The similarity
associated with the neutrosophic PIS is determined by using the cosine similarity measure
as summarized in Equation (7) and as presented in Table A12 (Appendix A). i.e.,

𝒶́11 = ⟨0.09 × 0.02∗0.03+0.03∗0+0.03∗0√
{(0.02)2+(0.03)2+(0.03)2}

√
{(0.03)2+(0)2+(0)2}

⟩

= 0.04

And S+i = sum o f rows.
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The evaluation of cosine similarity concerning the neutrosophic NIS is performed in
the same manner as shown in Table A13 (Appendix A), and S−i = sum o f rows.

The similarity associated with the neutrosophic PIS is determined using the Jac-
card similarity measure as summarized in Equation (8) and as presented in Table A14
(Appendix A). i.e.,

𝒶́11

= ⟨0.09 × 0.02∗0.03+0.03∗0+0.03∗0
{((0.02)2+(0.03)2+(0.03)2)+((0.03)2+(0)2+(0)2)−(0.02∗0.03+0.03∗0+0.03∗0)} ⟩

= 0.02

The subsequent steps adhere to the same methodology outlined previously. The
Jaccard similarity values calculated from NPIS and NNIS are presented in Table A14 and Ta-
ble A15, respectively (Appendix A). The RCC and resulting rankings, computed from both
the Cosine and Jaccard similarity measures using Equation (26), are displayed in Table 10.

Cosine similarity rank for
∼
A1 =

0.78
(0.78 + 0.75)

= 0.51

In the same way, calculate the RCC of the Jaccard similarity measure and its ranks.
The RCC values and rankings based on the Cosine and Jaccard similarity measures are
presented in Table 10.

Table 10. RCC and Ranking from Cosine and Jaccard Similarity Measures.

Alternatives Cosine Similarity Measure Jaccard Similarity Measure

RCC Rank RCC Rank
∼
A1 0.51 2 0.51 2
∼
A2 0.48 5 0.47 5
∼
A3 0.48 6 0.47 4
∼
A4 0.37 10 0.30 10
∼
A5 0.40 9 0.35 9
∼
A6 0.50 3 0.49 3
∼
A7 0.43 8 0.40 8
∼
A8 0.49 4 0.47 6
∼
A9 0.46 7 0.43 7
∼
A10 0.54 1 0.55 1

A comparative ranking of alternatives using the Cosine and Jaccard similarity mea-
sures is presented in Figure 4, highlighting the consistency between the two methods.

The RCC and the correlated rankings, derived from the hybrid Cosine–Jaccard similar-
ity measure as listed in Equation (6), are provided.

∼
A1 =

(0.25 ∗ 0.78 + 0.75 ∗ 0.68)
{(0.25 ∗ 0.78 + 0.75 ∗ 0.68) + (0.25 ∗ 0.75 + 0.75 ∗ 0.65)} = 0.58

Similarly, the RCC and rankings derived from the hybrid Cosine-Jaccard similarity
measure have been calculated and are presented in Table 11.
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Figure 4. Comparative ranking of alternatives using Cosine and Jaccard similarity measures, demon-
strating consistency between the two approaches.

Table 11. RCC and ranking from the hybrid Cosine-Jaccard similarity measure.

Alternatives
Ψ = 0 Ψ = 0.25 Ψ = 0.50 Ψ = 0.75 Ψ = 1

RCC Rank RCC Rank RCC Rank RCC Rank RCC Rank
∼
A1 0.51 2 0.51 2 0.51 2 0.51 2 0.51 2
∼
A2 0.47 5 0.47 6 0.48 5 0.48 5 0.48 5
∼
A3 0.47 4 0.47 4 0.48 6 0.48 6 0.48 6
∼
A4 0.30 10 0.32 10 0.34 10 0.35 10 0.37 10
∼
A5 0.35 9 0.36 9 0.38 9 0.39 9 0.40 9
∼
A6 0.49 3 0.49 3 0.49 3 0.50 3 0.50 3
∼
A7 0.40 8 0.41 8 0.42 8 0.43 8 0.43 8
∼
A8 0.47 6 0.47 5 0.48 4 0.48 4 0.49 4
∼
A9 0.43 7 0.44 7 0.44 7 0.45 7 0.46 7
∼
A10 0.55 1 0.54 1 0.54 1 0.54 1 0.54 1

The mixing parameter (Ψ) regulates the equilibrium between cosine similarity, which
measures directional alignment in continuous, normalized performance data, and Jaccard
similarity, which indicates overlap in attribute performance. A sensitivity analysis was
conducted to assess the impact of Ψ, varying Ψ within the range [0, 1] at intervals of
0.25. The rankings presented in Table 11 showed strong consistency, with Spearman’s
rank correlation coefficients between the baseline (Ψ = 0) and subsequent scenarios of 0.99
(Ψ = 0.25), 0.95 (Ψ = 0.50), 0.95 (Ψ = 0.75), and 0.95 (Ψ = 1). These high correlations (>0.95)
demonstrate the stability of the proposed hybrid similarity measure across changes in Ψ.
The observed robustness demonstrates that the hybrid approach successfully combines
the orientation-based strength of cosine similarity with the overlap-based contribution of
Jaccard similarity, yielding a balanced and dependable similarity assessment across all
parameter settings.
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4.1.4. Sensitivity Analysis of Weight Selection

The sensitivity analysis confirms the robustness of the proposed model under varying
degrees of parameter influence. The comparison of rankings across three Ψ values, rep-
resenting different priority levels for truth, indeterminacy, and falsity shows only minor
fluctuations in the rankings of the alternatives. As illustrated in Figure 5, key alternatives

such as
∼
A4,

∼
A5, and

∼
A7 consistently maintained high positions across all Ψ settings, indicat-

ing stable performance across different weighting scenarios. Although some alternatives,

such as
∼
A2,

∼
A3, and

∼
A8, showed slight variations in ranking, these changes did not sig-

nificantly alter the overall interpretation of the results. The consistency observed across
Ψ = 0, 0.25, 0.50, 0.75, and 1 suggests that the method is not overly sensitive to changes
in the neutrosophic parameters, reinforcing the reliability of the model. This outcome
highlights the framework’s ability to deliver reliable and meaningful rankings even when
subject to perturbations in weights.

 

Figure 5. Comparative ranking of alternatives based on Cosine and Jaccard similarity measures
through various scenarios.

Furthermore, it indicates that the method is adaptable and can maintain its validity
across different decision-making contexts, data characteristics, and expert judgment pro-
files. Figure 5 presents the comparative stability of rankings across different Ψ values,
highlighting the resilience and practical applicability of the proposed approach. A compar-
ative ranking of alternatives based on the Cosine and Jaccard similarity measures across
different scenarios is presented in Figure 5.

The cause-and-effect analysis, conducted using the DEMATEL method, provides
critical insights into the interdependencies among the evaluation criteria for precision agri-
culture technologies. The analysis identifies which criteria act as “cause” factors, exerting
influence on other indicators, and which are “effect” factors, influenced by others. In this
study, criteria such as spatial-temporal accuracy, system robustness, and technological
adaptability emerged as prominent causal factors. These criteria not only drive the overall
performance of PATs but also significantly affect downstream variables like economic
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feasibility, ease of implementation, and agro-ecological impact. For example, a high level of
data collection accuracy can improve input efficiency, thereby enhancing both economic
feasibility and environmental sustainability.

On the other hand, criteria such as user-friendliness and maintenance costs were
identified as effect factors, meaning the underlying performance and complexity of the tech-
nology largely shape them. This structural mapping helps decision makers understand the
root drivers of technological success and failure. By focusing on improving the influential
(cause) criteria, such as enhancing spatial accuracy or system resilience, policymakers and
developers can indirectly improve several dependent (effect) outcomes. Ultimately, this
analysis reinforces the strategic value of investing in foundational technological attributes
that create a ripple effect across other performance dimensions, leading to more effective
adoption and a longer-term impact for PATs. The cause-and-effect diagram is presented
in Figure 6.

Figure 6. Cause and effect diagram.

4.1.5. Comparative Analysis of Weighting Schemes

The rankings of alternatives based on entropy-only, DEMATEL-only, and hybrid
(entropy-DEMATEL) weights, highlighting consistent top and bottom positions and mi-
nor variations among mid-ranked alternatives, demonstrate the robustness of the hybrid
weighting model, as presented in Table 12.

A comparative ranking analysis was conducted to validate the robustness of the pro-
posed hybrid weighting model in Equation (21), utilizing entropy-only, DEMATEL-only,
and hybrid (entropy × DEMATEL) weights. The findings demonstrate significant consis-
tency among the three approaches. The highest and lowest ranked alternatives remain

constant, with alternative
∼
A10 consistently attaining the highest relative closeness coeffi-

cient (RCC ≈ 0.54) and alternative
∼
A4 attaining the lowest (RCC ≈ 0.33). Minor differences

are observed solely among mid-ranked alternatives (e.g.,
∼
A2 and

∼
A3 alternating between

5th and sixth positions), suggesting limited sensitivity to the weighting method. The high
rank concordance indicates that the multiplicative fusion approach preserves outcome
stability while successfully incorporating data variability (entropy) and causal influence
(DEMATEL), thereby demonstrating the robustness of the hybrid weighting model.

https://doi.org/10.3390/ijgi15030116

https://doi.org/10.3390/ijgi15030116


ISPRS Int. J. Geo-Inf. 2026, 15, 116 24 of 38

Table 12. Comparative rankings of alternatives using different weighting schemes.

Alternatives
Neutrosophic

Entropy-TOPSIS Method
Neutrosophic

DEMATEL-TOPSIS Method
Neutrosophic (Hybrid)

Entropy-DEMATEL-TOPSIS Method

RCC Rank RCC Rank RCC Rank
∼
A1 0.51 2 0.51 2 0.51 2
∼
A2 0.47 5 0.47 6 0.48 5
∼
A3 0.47 6 0.47 5 0.48 6
∼
A4 0.33 10 0.33 10 0.34 10
∼
A5 0.38 9 0.37 9 0.38 9
∼
A6 0.49 3 0.50 3 0.49 3
∼
A7 0.42 8 0.41 8 0.42 8
∼
A8 0.48 4 0.48 4 0.48 4
∼
A9 0.44 7 0.45 7 0.44 7
∼
A10 0.54 1 0.54 1 0.54 1

4.2. Robustness and Sensitivity Analysis of Expert Evaluations

The outcomes of a jackknife sensitivity analysis, in which each scenario reflects the
omission of one expert’s analysis from the overall aggregation, are detailed in Table 13. The
baseline shows rankings derived from the collective opinions of all five experts, while Sce-
narios 1–5 show rankings obtained by sequentially excluding the data of each expert (from
Expert 1 to Expert 5). Spearman’s rank correlation coefficients measure the consistency
between each reduced-expert scenario and the baseline rankings.

Table 13. Jackknife sensitivity analysis and corresponding Spearman’s rank correlations.

Alternatives
Base Line Scenario 1 Scenario 2 Scenario 3 Scenario 4 Scenario 5

RCC Rank RCC Rank RCC Rank RCC Rank RCC Rank RCC Rank
∼
A1 0.51 2 0.47 5 0.45 3 0.35 8 0.47 4 0.54 1
∼
A2 0.48 5 0.58 1 0.61 1 0.60 1 0.48 1 0.51 3
∼
A3 0.48 6 0.50 2 0.48 2 0.47 2 0.43 8 0.53 2
∼
A4 0.34 10 0.37 10 0.31 10 0.31 10 0.39 10 0.44 10
∼
A5 0.38 9 0.38 9 0.34 9 0.39 6 0.41 9 0.44 9
∼
A6 0.49 3 0.47 4 0.43 5 0.36 7 0.45 6 0.46 7
∼
A7 0.42 8 0.39 8 0.37 7 0.44 4 0.44 7 0.50 4
∼
A8 0.48 4 0.44 7 0.38 6 0.42 5 0.46 5 0.47 6
∼
A9 0.44 7 0.44 6 0.37 8 0.31 9 0.48 2 0.44 8
∼
A10 0.54 1 0.49 3 0.44 4 0.46 3 0.47 3 0.47 5

The significance of decision makers was assessed using the single-valued neutrosophic
number (SVNN) weighting scheme outlined in Equation (3), which measures each expert’s
contribution based on their truth-membership (Tk), indeterminacy (Ik) and falsity (Fk)

degrees. This formulation guarantees that experts exhibiting increased certainty and dimin-
ished hesitation or error exert a proportionately larger impact on the aggregated outcomes.
Thus, the calculated weights represent each decision makers’ perceived reliability and
decisiveness in assessing the criteria. To evaluate the influence of this weighting structure
on the final results, experts’ ratings were consolidated using their calculated SVNN-based
important weights, and robustness was additionally examined by jackknife resampling.
The jackknife analysis (Scenarios 1–5) demonstrated Spearman’s rank correlations between
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the baseline (all experts) and reduced-expert scenarios, ranging from 0.29 to 0.69, indicating
partial stability of the rankings and underscoring that Experts 3 and 5 exerted greater
influence on the composite scores. Kendall’s W coefficients across the ten criteria (0.12–0.39)
demonstrated low to moderate inter-rater agreement, signifying variability in expert evalu-
ations. The findings indicate that the SVNN-based expert importance scheme identifies
significant variations in expert reliability; yet, the ultimate outcomes are still slightly in-
fluenced by individual expert contributions. To improve robustness and interpretability,
future studies should stratify specialists by domain (e.g., growers, service providers, eco-
nomic assessors) to produce subgroup-specific rankings and more accurately reflect sectoral
perspectives within the multi-criteria evaluation framework.

Although no previous study has comprehensively compared all 10 PATs within a
unified MCDM framework, the present work constitutes the first integrated assessment
using expert-based evaluations and a neutrosophic entropy-DEMATEL-TOPSIS approach
tailored for small and medium-scale farming contexts. To strengthen the plausibility of the
results, cross-validation was conducted using recent systematic reviews and case-based
studies reported in the literature. The top-ranked technologies in this study, particularly
IoT-based smart farming, remote sensing, and decision support systems (DSS), also exhibit
high adoption potential and performance benefits in real-world agricultural applications.
Getahun et al. [78] demonstrated that IoT, drones, and variable-rate technology (VRT)
significantly enhance resource efficiency, yields, and environmental sustainability in em-
pirical field contexts. Likewise, Mamabolo et al. [79] reported that IoT sensors, GIS, and
UAVs are among the most widely adopted tools for soil health monitoring and crop pro-
tection. Padhiary et al. [80] further highlighted the increasing integration of IoT, artificial
intelligence (AI), machine learning (ML), and automation in precision agriculture, which
yielded measurable gains in cost-effectiveness and operational efficiency. Collectively, these
findings provide partial cross-validation of the present ranking outcomes, supporting the
external consistency and practical relevance of the expert-derived prioritization.

5. Discussion of Results
IoT-based smart farming emerged as the highest-ranked technology in the neutro-

sophic MCDM analysis, owing to its superior performance across multiple critical cri-
teria, including spatial-temporal accuracy, automation, and system interoperability. Its
integration of sensors, connectivity, and real-time analytics enables precise, site-specific
decision-making, helping farmers optimize water, fertilizer, and pesticide use. This
aligns with the existing literature, which emphasizes the transformative potential of IoT
to improve farm productivity and environmental resilience, particularly for small and
medium-scale farming operations [81]. While the TOPSIS rankings identify technically
high-performing PATs in terms of spatial-temporal accuracy, scalability, and sustainabil-
ity, these results must be interpreted alongside real-world adoption constraints. Many
small and medium-scale farmers face high initial investment costs, inadequate rural in-
frastructure, and weak policy/financial support [82], as well as connectivity/IoT imple-
mentation barriers such as unreliable power and limited maintenance services [83]. Conse-
quently, even technologies that score highly in our model (e.g., UAVs, IoT-based irrigation)
may be infeasible for broad uptake without complementary measures, notably targeted
financing/subsidies, accessible training and extension services, and improvements to rural
connectivity. Future work should validate the model’s recommendations through pilot
field trials and stakeholder engagement before large-scale policy or procurement decisions
are made.

Remote sensing was the second-best performer, driven by its ability to provide high-
resolution, wide-area imagery that facilitates efficient monitoring of crop health, moisture
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levels, and pest activity. The accessibility of satellite and UAV-based imaging technologies
further enhances their applicability across diverse agricultural zones (Sishodia et al., [21]).
Decision support systems (DSS) ranked third, reflecting their strength in aggregating
complex datasets and delivering actionable recommendations to improve decision-making
and resource efficiency (Zhai et al., [84]).

GPS and GIS technologies were placed in the mid-tier, valued for their foundational
roles in geospatial mapping and field variability analysis but limited in analytical depth.
UAVs, or drones, also demonstrated moderate performance. Their effectiveness in field-
level imaging and disease detection is acknowledged; however, regulatory constraints,
operator training requirements, and data-processing demands affect their ease of adoption.
AI- and ML-based precision agriculture platforms showed considerable potential for pre-
dictive analytics and yield forecasting, yet their practical deployment remains limited by
data availability and computational complexity. Autonomous agricultural machinery faces
similar challenges despite reducing labor dependency and enhancing precision; their high
cost and maintenance requirements hinder widespread adoption in smaller operations.

In contrast, variable-rate technology (VRT) and standalone soil and crop sensors
received the lowest rankings. VRT, although theoretically effective at reducing input
waste, was constrained by substantial capital requirements, calibration complexity, and
underutilization in fragmented landholdings (Späti et al., [85]). Similarly, soil and crop
sensors, when not embedded within broader IoT frameworks, suffer from high hardware
costs, limited interoperability, and maintenance issues, which diminish their viability for
resource-constrained farmers (Testa et al., [86]). These findings reinforce that the real-
world utility of precision agriculture tools depends not only on their technical potential
but also on factors such as economic feasibility, system integration, training availability,
and infrastructural readiness. The neutrosophic MCDM approach, by incorporating both
weighted criteria and uncertainty handling, offers a more flexible and realistic evaluation
of technologies, allowing for context-sensitive recommendations.

It should be noted that PATs evolve rapidly. For example, recent reports highlight
emerging platforms (drones, ground robots, AI-driven sensors, etc.). Thus, our rankings
reflect the current set of PATs, and future analyses should incorporate innovations and
updated field data as they arise.

We note that the proposed neutrosophic entropy-DEMATEL-TOPSIS framework is
computationally intensive (requiring multiple matrix operations and iterative similarity
calculations) and relies on a small panel of experts. This may limit scalability and in-
troduce subjective bias. Consistent with best practice [47], future work should validate
the rankings with diverse field data, stakeholder surveys, or case studies to complement
expert judgments.

6. Conclusions
This study introduced a novel weighted neutrosophic TOPSIS framework that inte-

grates entropy weighting, DEMATEL, and a Cosine-Jaccard similarity measure to evaluate
and rank precision agriculture technologies (PATs). The neutrosophic approach models
each criterion with degrees of truth, indeterminacy, and falsity, making it particularly
suitable for handling uncertainty and imprecision in expert assessments [87]. By com-
bining entropy-derived objective weights with DEMATEL-based relational weights, the
framework balances data-driven analysis with expert judgment. The incorporation of
a Cosine–Jaccard similarity measure enhances robustness in handling mixed-scale cri-
teria. The application of this hybrid MCDM method to ten PATs revealed substantial
performance differences. Among the evaluated technologies, IoT-based sensor networks
rank first, followed by remote sensing platforms (including drones and satellites), and
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decision support systems, highlighting their ability to collect and process real-time data,
thereby improving both productivity and resource efficiency [88]. Conversely, tools such
as variable-rate fertilization systems and standalone soil or crop sensors ranked lower,
reflecting broader challenges associated with high capital investment, technical complexity,
and limited accessibility for smallholder farmers [89].

However, these technical rankings should be interpreted in light of adoption barriers
(cost, infrastructure, training and financing); targeted policy support and pilot testing are
required to translate rankings into equitable, scalable implementations [82].

The results of this evaluation hold valuable implications for farmers, policymakers,
and agricultural development agencies. By identifying high-performing technologies
under conditions typical of small- and medium-scale farming, this study supports more
targeted deployment of PATs. For instance, promoting affordable IoT sensor packages or
mobile-based monitoring solutions could provide quick returns on efficiency, particularly in
regions with limited infrastructure. More advanced tools, such as VRT, could be introduced
gradually in better-resourced areas, with support in the form of financing and training.
Policymakers can use these insights to inform subsidy programs, credit facilities, and rural
connectivity projects, ensuring that high-impact technologies become accessible where
they are most needed. As highlighted in recent studies, improving the adoption rate of
PATs requires a nuanced understanding of local challenges, such as resource limitations
and digital literacy. Practical implementation must align with regional capacities, with
foundational tools prioritized in underdeveloped regions and more sophisticated systems
piloted in areas with better infrastructure. Across all contexts, complementary investment
in training, technical support, and extension services is essential to bridge the gap between
technological potential and actual use [88].

Despite this approach’s strengths, several limitations must be acknowledged. The
analysis was built on expert-driven linguistic data and focused on a limited set of
10 technologies and selected criteria, primarily economic, technical, and environmental.
As a result, important dimensions such as labor efficiency, long-term soil health, and
user acceptance were not included. Furthermore, the expert input was region-specific,
which may limit the generalizability of the findings. Future research should expand
the set of performance indicators to include social inclusion, sustainability metrics, and
resilience indicators.

Additionally, incorporating more technologies, including smartphone advisory tools,
robotics, and cloud-based analytics, would enrich the analysis. Real-world adoption data,
including time-series usage records, farm-level performance outcomes, and user feedback,
would strengthen the model by validating its rankings against practical experience. Ac-
cordingly, we recommend implementing pilot studies and stakeholder co-design (farmers,
extension agents, policymakers) in representative agro-ecological zones to test feasibility,
assess financing mechanisms, and refine deployment strategies before recommending
large-scale adoption [82]. Moreover, testing this framework in diverse agro-ecological and
socio-economic settings, particularly in Africa and Latin America, would help to assess its
adaptability and global relevance.

Going forward, expanding the indicator scope to capture labor-related and sustain-
ability concerns will enhance the comprehensiveness of PATs evaluations. Incorporating
empirical data from actual field deployments, such as sensor logs and farmer surveys, can
increase the model’s predictive accuracy and reliability. Application of the model across a
broader geographic spectrum will provide comparative insights that inform tailored strate-
gies for different regions. Further, integrating machine learning and AI-based analytics can
help process large datasets and identify performance trends that are not easily discernible
through traditional methods. In conclusion, this study provides a practical, theoretically
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sound foundation for evaluating PATs, particularly in data-limited, uncertainty-prone
contexts. By building on these insights, stakeholders, including governments, research
institutions, and development organizations can craft evidence-based policies and adap-
tive frameworks that promote equitable, sustainable precision agriculture. Collaborative
efforts in data collection, contextualization of adoption strategies, and farmer education
will be instrumental in translating technological innovations into measurable agricultural
development.
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Appendix A

Table A1. Aggregated neutrosophic decision matrix (NDM) is determined by applying Equation (10).

∼
Ai/

∼
Ci

∼
C1

∼
C2

∼
C3

∼
C4

∼
C5

∼
C6

∼
C7

∼
C8

∼
C9

∼
C10

∼
A1 0.73 0.71 0.73 0.75 0.75 0.67 0.60 0.60 0.65 0.77
∼
A2 0.77 0.83 0.79 0.70 0.71 0.67 0.77 0.65 0.73 0.73
∼
A3 0.76 0.78 0.77 0.80 0.83 0.74 0.71 0.67 0.75 0.73
∼
A4 0.70 0.69 0.67 0.63 0.65 0.71 0.57 0.61 0.59 0.67
∼
A5 0.60 0.65 0.61 0.56 0.63 0.61 0.61 0.63 0.61 0.63
∼
A6 0.69 0.61 0.69 0.71 0.75 0.70 0.61 0.57 0.63 0.65
∼
A7 0.77 0.65 0.69 0.67 0.68 0.63 0.63 0.70 0.74 0.67
∼
A8 0.74 0.71 0.63 0.77 0.74 0.70 0.61 0.67 0.67 0.70
∼
A9 0.67 0.67 0.59 0.67 0.65 0.68 0.61 0.65 0.61 0.65
∼
A10 0.77 0.74 0.74 0.77 0.77 0.72 0.63 0.65 0.67 0.69

Table A2. Normalized NDM based on Entropy.

∼
Ai/

∼
Ci

∼
C1

∼
C2

∼
C3

∼
C4

∼
C5

∼
C6

∼
C7

∼
C8

∼
C9

∼
C10

∼
A1 0.10 0.10 0.11 0.11 0.11 0.10 0.10 0.09 0.10 0.11
∼
A2 0.11 0.12 0.11 0.10 0.10 0.10 0.12 0.10 0.11 0.11
∼
A3 0.11 0.11 0.11 0.11 0.12 0.11 0.11 0.11 0.11 0.11
∼
A4 0.10 0.10 0.10 0.09 0.09 0.11 0.09 0.10 0.09 0.10
∼
A5 0.08 0.09 0.09 0.08 0.09 0.09 0.10 0.10 0.09 0.09
∼
A6 0.10 0.09 0.10 0.10 0.11 0.10 0.10 0.09 0.10 0.10
∼
A7 0.11 0.09 0.10 0.10 0.09 0.09 0.10 0.11 0.11 0.10
∼
A8 0.10 0.10 0.09 0.11 0.10 0.10 0.10 0.11 0.10 0.10
∼
A9 0.09 0.10 0.09 0.10 0.09 0.10 0.10 0.10 0.09 0.10
∼
A10 0.11 0.11 0.11 0.11 0.11 0.11 0.10 0.10 0.10 0.10
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Table A3. Calculations of ‘Normij × lnNorm′
ij values.

∼
Ai/

∼
Ci

∼
C1

∼
C2

∼
C3

∼
C4

∼
C5

∼
C6

∼
C7

∼
C8

∼
C9

∼
C10

∼
A1 −0.23 −0.23 −0.24 −0.24 −0.24 −0.23 −0.22 −0.22 −0.23 −0.25
∼
A2 −0.24 −0.25 −0.25 −0.23 −0.23 −0.23 −0.26 −0.23 −0.24 −0.24
∼
A3 −0.24 −0.24 −0.25 −0.25 −0.25 −0.24 −0.25 −0.24 −0.25 −0.24
∼
A4 −0.23 −0.23 −0.23 −0.22 −0.22 −0.24 −0.22 −0.22 −0.22 −0.23
∼
A5 −0.21 −0.22 −0.21 −0.20 −0.21 −0.22 −0.22 −0.23 −0.22 −0.22
∼
A6 −0.22 −0.21 −0.23 −0.23 −0.24 −0.23 −0.22 −0.22 −0.22 −0.22
∼
A7 −0.24 −0.22 −0.23 −0.23 −0.22 −0.22 −0.23 −0.24 −0.24 −0.23
∼
A8 −0.23 −0.23 −0.22 −0.24 −0.23 −0.23 −0.23 −0.24 −0.23 −0.23
∼
A9 −0.22 −0.22 −0.21 −0.22 −0.22 −0.23 −0.23 −0.23 −0.22 −0.22
∼
A10 −0.24 −0.24 −0.24 −0.24 −0.24 −0.24 −0.23 −0.23 −0.23 −0.23

Total −0.23 −0.23 −0.24 −0.24 −0.24 −0.23 −0.22 −0.22 −0.23 −0.25

Table A4. Neutrosophic aggregated direct influence matrix (DIM).

Ci\Ci
∼
C1

∼
C2

∼
C3

∼
C4

∼
C5

∼
C1 (0.10, 0.80, 0.90) (0.77, 0.21, 0.21) (0.47, 0.44, 0.50) (0.78, 0.21, 0.22) (0.68, 0.30, 0.33)
∼
C2 (0.72, 0.25, 0.25) (0.10, 0.80, 0.90) (0.86, 0.14, 0.14) (0.83, 0.17, 0.14) (0.47, 0.44, 0.50)
∼
C3 (0.87, 0.13, 0.12) (0.88, 0.12, 0.11) (0.10, 0.80, 0.90) (0.88, 0.12, 0.11) (0.83, 0.17, 0.14)
∼
C4 (0.84, 0.16, 0.15) (0.72, 0.26, 0.23) (0.88, 0.12, 0.11) (0.10, 0.80, 0.90) (0.78, 0.20, 0.20)
∼
C5 (0.76, 0.23, 0.23) (0.81, 0.17, 0.18) (0.75, 0.24, 0.19) (0.73, 0.24, 0.25) (0.10, 0.80, 0.90)
∼
C6 (0.50, 0.47, 0.45) (0.50, 0.47, 0.45) (0.73, 0.24, 0.25) (0.65, 0.31, 0.30) (0.74, 0.26, 0.21)
∼
C7 (0.29, 0.65, 0.68) (0.46, 0.47, 0.50) (0.69, 0.29, 0.26) (0.29, 0.65, 0.68) (0.26, 0.67, 0.77)
∼
C8 (0.78, 0.20, 0.20) (0.81, 0.17, 0.18) (0.74, 0.26, 0.21) (0.83, 0.17, 0.14) (0.61, 0.32, 0.36)
∼
C9 (0.65, 0.31, 0.30) (0.65, 0.31, 0.30) (0.74, 0.26, 0.21) (0.43, 0.47, 0.53) (0.88, 0.12, 0.11)
∼
C10 (0.61, 0.36, 0.39) (0.50, 0.47, 0.45) (0.28, 0.61, 0.69) (0.57, 0.37, 0.39) (0.61, 0.36, 0.39)

∼
C6

∼
C7

∼
C8

∼
C9

∼
C10

∼
C1 (0.65, 0.32, 0.33) (0.17, 0.75, 0.85) (0.78, 0.20, 0.20) (0.65, 0.31, 0.30) (0.62, 0.36, 0.39)
∼
C2 (0.50, 0.47, 0.45) (0.31, 0.61, 0.70) (0.81, 0.17, 0.70) (0.21, 0.72, 0.82) (0.50, 0.47, 0.45)
∼
C3 (0.86, 0.14, 0.14) (0.59, 0.38, 0.35) (0.89, 0.12, 0.11) (0.52, 0.42, 0.45) (0.28, 0.61, 0.69)
∼
C4 (0.50, 0.47, 0.45) (0.21, 0.68, 0.77) (0.85, 0.15, 0.13) (0.17, 0.75, 0.85) (0.47, 0.44, 0.50)
∼
C5 (0.72, 0.28, 0.23) (0.62, 0.36, 0.35) (0.66, 0.29, 0.32) (0.73, 0.26, 0.26) (0.61, 0.36, 0.36)
∼
C6 (0.10, 0.80, 0.90) (0.85, 0.15, 0.13) (0.28, 0.61, 0.69) (0.90, 0.10, 0.10) (0.85, 0.15, 0.13)
∼
C7 (0.85, 0.15, 0.13) (0.10, 0.80, 0.90) (0.60, 0.34, 0.35) (0.89, 0.11, 0.11)) (0.90, 0.10, 0.10)
∼
C8 (0.57, 0.36, 0.38) (0.60, 0.34, 0.35) (0.10, 0.80, 0.90) (0.87, 0.13, 0.12) (0.60, 0.34, 0.35)
∼
C9 (0.87, 0.13, 0.12) (0.90, 0.10, 0.10) (0.90, 0.10, 0.10) (0.10, 0.80, 0.90) (0.75, 0.24, 0.19)
∼
C10 (0.90, 0.10, 0.10) (0.87, 0.13, 0.12) (0.60, 0.34, 0.35) (0.83, 0.17, 0.14) (0.10, 0.80, 0.90)
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Table A5. Neutrosophic normalized aggregated DIM.

∼
C1

∼
C2

∼
C3

∼
C4

∼
C5

∼
C1 (0.01, 0.12, 0.13) (0.11, 0.03, 0.03) (0.07, 0.06, 0.07) (0.11, 0.03, 0.03) (0.10, 0.04, 0.05)
∼
C2 (0.10, 0.04, 0.04) (0.02, 0.12, 0.13) (0.12, 0.02, 0.02) (0.12, 0.02, 0.02) (0.07, 0.06, 0.07)
∼
C3 (0.13, 0.02, 0.02) (0.13, 0.02, 0.02) (0.01, 0.12, 0.13) (0.13, 0.02, 0.02) (0.12, 0.02, 0.02)
∼
C4 (0.12, 0.02, 0.02) (0.10, 0.04, 0.03) (0.13, 0.02, 0.02) (0.01, 0.12, 0.13) (0.11, 0.03, 0.03)
∼
C5 (0.11, 0.03, 0.03) (0.12, 0.03, 0.03) (0.11, 0.03, 0.03) (0.11, 0.03, 0.04) (0.01, 0.12, 0.13)
∼
C6 (0.07, 0.07, 0.07) (0.07, 0.07, 0.07) (0.11, 0.03, 0.04) (0.09, 0.04, 0.04) (0.11, 0.04, 0.03)
∼
C7 (0.04, 0.09, 0.10) (0.07, 0.07, 0.07) (0.10, 0.04, 0.04) (0.04, 0.09, 0.10) (0.04, 0.10, 0.11)
∼
C8 (0.11, 0.03, 0.03) (0.12, 0.03, 0.03) (0.11, 0.04, 0.03) (0.12, 0.02, 0.02) (0.09, 0.05, 0.05)
∼
C9 (0.09, 0.05, 0.04) (0.09, 0.05, 0.04) (0.11, 0.04, 0.03) (0.06, 0.07, 0.08) (0.13, 0.02, 0.02)
∼
C10 (0.09, 0.05, 0.06) (0.07, 0.07, 0.07) (0.04, 0.09, 0.10) (0.08, 0.05, 0.06) (0.09, 0.05, 0.06)

∼
C6

∼
C7

∼
C8

∼
C9

∼
C10

∼
C1 (0.09, 0.05, 0.05) (0.02, 0.11, 0.12) (0.11, 0.03, 0.03) (0.09, 0.04, 0.04) (0.09, 0.05, 0.06)
∼
C2 (0.07, 0.07, 0.07) (0.04, 0.09, 0.10) (0.12, 0.02, 0.10) (0.03, 0.10, 0.12) (0.07, 0.07, 0.07)
∼
C3 (0.12, 0.02, 0.02) (0.09, 0.06, 0.05) (0.13, 0.02, 0.02) (0.08, 0.06, 0.07) (0.04, 0.09, 0.10)
∼
C4 (0.07, 0.07, 0.07) (0.03, 0.10, 0.11) (0.12, 0.02, 0.02) (0.02, 0.11, 0.12) (0.07, 0.06, 0.07)
∼
C5 (0.10, 0.04, 0.03) (0.09, 0.05, 0.05) (0.10, 0.04, 0.05) (0.11, 0.04, 0.04) (0.09, 0.05, 0.05)
∼
C6 (0.01, 0.12, 0.13) (0.12, 0.02, 0.02) (0.04, 0.09, 0.10) (0.13, 0.01, 0.01) (0.12, 0.02, 0.02)
∼
C7 (0.12, 0.02, 0.02) (0.01, 0.12, 0.13) (0.09, 0.05, 0.05) (0.13, 0.02, 0.02) (0.13, 0.01, 0.01)
∼
C8 (0.08, 0.05, 0.06) (0.09, 0.05, 0.05) (0.01, 0.12, 0.13) (0.13, 0.02, 0.02) (0.09, 0.05, 0.05)
∼
C9 (0.13, 0.02, 0.02) (0.13, 0.01, 0.01) (0.13, 0.01, 0.01) (0.01, 0.12, 0.13) (0.11, 0.03, 0.03)
∼
C10 (0.13, 0.01, 0.01) (0.13, 0.02, 0.02) (0.09, 0.05, 0.05) (0.12, 0.02, 0.02) (0.01, 0.12, 0.13)

Table A6. Total DIM.

Ci\Ci
∼
C1

∼
C2

∼
C3

∼
C4

∼
C5

∼
C1 (0.64, 0.19, 0.22) (0.73, 0.09, 0.10) (0.70, 0.13, 0.15) (0.73, 0.09, 0.11) (0.70, 0.11, 0.13)
∼
C2 (0.68, 0.11, 0.12) (0.60, 0.19, 0.22) (0.70, 0.08, 0.09) (0.70, 0.09, 0.11) (0.63, 0.14, 0.17)
∼
C3 (0.84, 0.06, 0.07) (0.85, 0.06, 0.06) (0.75, 0.17, 0.19) (0.84, 0.06, 0.07) (0.82, 0.07, 0.07)
∼
C4 (0.72, 0.09, 0.10) (0.71, 0.10, 0.11) (0.73, 0.07, 0.08) (0.63, 0.19, 0.22) (0.70, 0.09, 0.11)
∼
C5 (0.81, 0.08, 0.09) (0.82, 0.07, 0.08) (0.82, 0.08, 0.08) (0.80, 0.08, 0.09) (0.70, 0.17, 0.20)
∼
C6 (0.73, 0.13, 0.13) (0.74, 0.12, 0.13) (0.77, 0.08, 0.09) (0.75, 0.10, 0.10) (0.75, 0.09, 0.10)
∼
C7 (0.63, 0.17, 0.19) (0.66, 0.13, 0.15) (0.69, 0.10, 0.11) (0.63, 0.17, 0.19) (0.62, 0.18, 0.21)
∼
C8 (0.81, 0.08, 0.08) (0.82, 0.07, 0.08) (0.82, 0.08, 0.08) (0.82, 0.07, 0.07) (0.77, 0.10, 0.11)
∼
C9 (0.83, 0.09, 0.09) (0.84, 0.09, 0.09) (0.85, 0.08, 0.07) (0.80, 0.12, 0.13) (0.84, 0.06, 0.06)
∼
C10 (0.72, 0.11, 0.12) (0.71, 0.13, 0.13) (0.69, 0.15, 0.17) (0.71, 0.11, 0.12) (0.71, 0.11, 0.13)

∼
C6

∼
C7

∼
C8

∼
C9

∼
C10

∼
C1 (0.73, 0.10, 0.11) (0.55, 0.19, 0.23) (0.75, 0.08, 0.10) (0.67, 0.11, 0.12) (0.65, 0.12, 0.14)
∼
C2 (0.67, 0.13, 0.14) (0.53, 0.17, 0.21) (0.72, 0.08, 0.20) (0.58, 0.18, 0.22) (0.60, 0.14, 0.16)
∼
C3 (0.86, 0.05, 0.06) (0.69, 0.11, 0.11) (0.87, 0.05, 0.06) (0.75, 0.11, 0.12) (0.70, 0.15, 0.17)
∼
C4 (0.70, 0.13, 0.13) (0.54, 0.18, 0.21) (0.75, 0.07, 0.09) (0.60, 0.18, 0.22) (0.62, 0.13, 0.15)
∼
C5 (0.83, 0.08, 0.08) (0.68, 0.11, 0.12) (0.82, 0.09, 0.10) (0.76, 0.09, 0.09) (0.73, 0.11, 0.11)
∼
C6 (0.71, 0.18, 0.20) (0.68, 0.09, 0.10) (0.74, 0.15, 0.18) (0.75, 0.07, 0.08) (0.73, 0.08, 0.08)
∼
C7 (0.73, 0.08, 0.09) (0.53, 0.21, 0.25) (0.70, 0.11, 0.13) (0.68, 0.09, 0.10) (0.67, 0.08, 0.10)
∼
C8 (0.81, 0.10, 0.10) (0.68, 0.11, 0.12) (0.75, 0.17, 0.20) (0.78, 0.06, 0.06) (0.73, 0.10, 0.11)
∼
C9 (0.89, 0.06, 0.06) (0.76, 0.07, 0.07) (0.89, 0.05, 0.06) (0.73, 0.17, 0.20) (0.79, 0.08, 0.08)
∼
C10 (0.79, 0.06, 0.07) (0.66, 0.09, 0.10) (0.75, 0.10, 0.12) (0.72, 0.09, 0.09) (0.61, 0.19, 0.22)
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Table A7. Deneutrosophication of the total DIM, using Equation (5).

Ci\Ci
∼
C1

∼
C2

∼
C3

∼
C4

∼
C5

∼
C6

∼
C7

∼
C8

∼
C9

∼
C10

∼
C1 0.73 0.83 0.79 0.82 0.80 0.82 0.69 0.84 0.79 0.73
∼
C2 0.79 0.72 0.82 0.81 0.75 0.78 0.69 0.79 0.71 0.79
∼
C3 0.89 0.90 0.79 0.90 0.88 0.91 0.80 0.91 0.83 0.89
∼
C4 0.82 0.81 0.83 0.73 0.81 0.80 0.69 0.84 0.72 0.82
∼
C5 0.87 0.88 0.88 0.87 0.77 0.88 0.79 0.87 0.84 0.87
∼
C6 0.81 0.82 0.85 0.83 0.84 0.77 0.80 0.80 0.84 0.81
∼
C7 0.74 0.77 0.80 0.74 0.73 0.83 0.67 0.80 0.80 0.74
∼
C8 0.87 0.88 0.87 0.88 0.84 0.86 0.79 0.79 0.86 0.87
∼
C9 0.88 0.88 0.90 0.85 0.90 0.92 0.85 0.93 0.78 0.88
∼
C10 0.81 0.80 0.78 0.81 0.81 0.87 0.79 0.83 0.82 0.81

Table A8. Aggregated neutrosophic decision matrix (NDM).

Ai\Ci
∼
C1

∼
C2

∼
C3

∼
C4

∼
C5

∼
A1 (0.77, 0.21, 0.23) (0.72, 0.24, 0.28) (0.75, 0.21, 0.25) (1.00, 0.00, 0.00) (1.00, 0.00, 0.00)
∼
A2 (0.79, 0.18, 0.21) (1.00, 0.00, 0.00) (1.00, 0.00, 0.00) (0.69, 0.25, 0.31) (0.74, 0.21, 0.26)
∼
A3 (0.76, 0.19, 0.24) (0.77, 0.18, 0.23) (0.80, 0.17, 0.20) (0.79, 0.16, 0.21) (1.00, 0.00, 0.00)
∼
A4 (0.69, 0.25, 0.31) (0.69, 0.26, 0.31) (0.69, 0.26, 0.31) (0.65, 0.31, 0.35) (0.67, 0.29, 0.33)
∼
A5 (1.00, 0.00, 0.00) (0.68, 0.27, 0.32) (0.64, 0.32, 0.36) (0.61, 0.36, 0.39) (0.67, 0.29, 0.33)
∼
A6 (0.72, 0.25, 0.28) (0.62, 0.35, 0.38) (0.71, 0.24, 0.29) (1.00, 0.00, 0.00) (1.00, 0.00, 0.00)
∼
A7 (1.00, 0.00, 0.00) (0.66, 0.29, 0.34) (0.71, 0.24, 0.29) (0.70, 0.25, 0.30) (0.67, 0.27, 0.33)
∼
A8 (1.00, 0.00, 0.00) (0.73, 0.23, 0.27) (0.65, 0.30, 0.35) (1.00, 0.00, 0.00) (0.74, 0.21, 0.26)
∼
A9 (0.68, 0.27, 0.32) (0.70, 0.25, 0.30) (0.63, 0.33, 0.37) (1.00, 0.00, 0.00) (0.67, 0.28, 0.33)
∼
A10 (1.00, 0.00, 0.00) (0.72, 0.22, 0.28) (0.73, 0.22, 0.27) (1.00, 0.00, 0.00) (1.00, 0.00, 0.00)

∼
C6

∼
C7

∼
C8

∼
C9

∼
C10

∼
A1 (0.69, 0.27, 0.31) (0.66, 0.31, 0.34) (0.68, 0.31, 0.32) (0.70, 0.26, 0.30) (0.79, 0.18, 0.21)
∼
A2 (0.69, 0.26, 0.31) (1.00, 0.00, 0.00) (0.67, 0.28, 0.33) (1.00, 0.00, 0.00) (0.75, 0.20, 0.25)
∼
A3 (0.75, 0.19, 0.25) (0.74, 0.21, 0.26) (0.70, 0.26, 0.30) (0.79, 0.18, 0.21) (0.75, 0.20, 0.25)
∼
A4 (0.72, 0.23, 0.28) (0.60, 0.36, 0.40) (0.64, 0.32, 0.36) (0.61, 0.34, 0.39) (0.68, 0.27, 0.32)
∼
A5 (0.64, 0.32, 0.36) (0.64, 0.32, 0.36) (0.65, 0.31, 0.35) (0.64, 0.32, 0.36) (0.67, 0.29, 0.33)
∼
A6 (0.69, 0.25, 0.31) (0.64, 0.32, 0.36) (0.57, 0.40, 0.43) (0.65, 0.31, 0.35) (0.66, 0.29, 0.34)
∼
A7 (0.68, 0.30, 0.32) (0.68, 0.30, 0.32) (0.71, 0.24, 0.29) (0.73, 0.21, 0.27) (0.69, 0.26, 0.31)
∼
A8 (0.69, 0.25, 0.310 (0.64, 0.31, 0.36) (0.68, 0.28, 0.32) (0.68, 0.28, 0.32) (0.69, 0.25, 0.31)
∼
A9 (0.68, 0.27, 0.32) (0.63, 0.33, 0.37) (1.00, 0.00, 0.00) (0.64, 0.32, 0.36) (0.66, 0.30, 0.34)
∼
A10 (0.71, 0.23, 0.29) (0.65, 0.31, 0.35) (0.66, 0.29, 0.34) (0.69, 0.27, 0.31) (0.70, 0.25, 0.30)
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Table A9. Normalized Aggregated NDM.

Ai\Ci
∼
C1

∼
C2

∼
C3

∼
C4

∼
C5

∼
A1 (0.28, 0.37, 0.36) (0.31, 0.31, 0.30) (0.32, 0.27, 0.27) (0.37, 0.00, 0.00) (0.38, 0.00, 0.00)
∼
A2 (0.29, 0.32, 0.32) (0.43, 0.00, 0.00) (0.43, 0.00, 0.00) (0.26, 0.41, 0.43) (0.28, 0.32, 0.34)
∼
A3 (0.28, 0.34, 0.37) (0.33, 0.24, 0.26) (0.34, 0.22, 0.22) (0.29, 0.26, 0.30) (0.38, 0.00, 0.00)
∼
A4 (0.26, 0.45, 0.46) (0.30, 0.34, 0.34) (0.30, 0.33, 0.34) (0.24, 0.50, 0.49) (0.25, 0.45, 0.44)
∼
A5 (0.37, 0.00, 0.00) (0.29, 0.35, 0.35) (0.27, 0.42, 0.40) (0.23, 0.58, 0.55) (0.26, 0.45, 0.44)
∼
A6 (0.27, 0.45, 0.43) (0.27, 0.45, 0.42) (0.30, 0.31, 0.32) (0.37, 0.00, 0.00) (0.38, 0.00, 0.00)
∼
A7 (0.37, 0.00, 0.00) (0.28, 0.37, 0.37) (0.31, 0.30, 0.32) (0.26, 0.41, 0.43) (0.26, 0.43, 0.43)
∼
A8 (0.37, 0.00, 0.00) (0.31, 0.29, 0.30) (0.28, 0.39, 0.38) (0.37, 0.00, 0.00) (0.28, 0.33, 0.35)
∼
A9 (0.25, 0.48, 0.48) (0.30, 0.32, 0.33) (0.27, 0.42, 0.41) (0.37, 0.00, 0.00) (0.26, 0.44, 0.44)
∼
A10 (0.37, 0.00, 0.00) (0.31, 0.29, 0.30) (0.31, 0.28, 0.30) (0.37, 0.00, 0.00) (0.38, 0.00, 0.00)

∼
C6

∼
C7

∼
C8

∼
C9

∼
C10

∼
A1 (0.31, 0.32, 0.32) (0.30, 0.33, 0.33) (0.31, 0.34, 0.31) (0.31, 0.31, 0.31) (0.35, 0.22, 0.22)
∼
A2 (0.31, 0.32, 0.32) (0.45, 0.00, 0.00) (0.30, 0.31, 0.32) (0.44, 0.00, 0.00) (0.33, 0.26, 0.27)
∼
A3 (0.34, 0.24, 0.26) (0.34, 0.22, 0.25) (0.31, 0.28, 0.30) (0.35, 0.21, 0.22) (0.34, 0.25, 0.26)
∼
A4 (0.33, 0.28, 0.29) (0.27, 0.39, 0.38) (0.29, 0.36, 0.36) (0.27, 0.41, 0.40) (0.30, 0.35, 0.34)
∼
A5 (0.29, 0.39, 0.38) (0.29, 0.35, 0.35) (0.29, 0.34, 0.34) (0.28, 0.39, 0.37) (0.30, 0.36, 0.35)
∼
A6 (0.32, 0.31, 0.32) (0.29, 0.35, 0.34) (0.26, 0.45, 0.42) (0.29, 0.36, 0.36) (0.30, 0.36, 0.36)
∼
A7 (0.31, 0.36, 0.33) (0.31, 0.32, 0.30) (0.32, 0.26, 0.29) (0.32, 0.25, 0.27) (0.31, 0.33, 0.32)
∼
A8 (0.32, 0.31, 0.32) (0.29, 0.33, 0.34) (0.31, 0.31, 0.31) (0.30, 0.33, 0.33) (0.31, 0.32, 0.32)
∼
A9 (0.31, 0.32, 0.33) (0.29, 0.35, 0.35) (0.45, 0.00, 0.00) (0.28, 0.38, 0.37) (0.29, 0.37, 0.36)
∼
A10 (0.32, 0.28, 0.30) (0.30. 0.33, 0.33) (0.30, 0.32, 0.33) (0.30, 0.32, 0.32) (0.31, 0.31, 0.32)

Table A10. Weighted normalized aggregated NDM.

Ai\Ci
∼
C1

∼
C2

∼
C3

∼
C4

∼
C5

∼
A1 (0.02, 0.03, 0.03) (0.04, 0.04, 0.04) (0.05, 0.04, 0.04) (0.06, 0.00, 0.00) (0.04, 0.00, 0.00)
∼
A2 (0.03, 0.03, 0.03) (0.05, 0.00, 0.00) (0.06, 0.00, 0.00) (0.04, 0.06, 0.07) (0.03, 0.04, 0.04)
∼
A3 (0.02, 0.03, 0.03) (0.04, 0.03, 0.03) (0.05, 0.03, 0.03) (0.04, 0.04, 0.05) (0.04, 0.00, 0.00)
∼
A4 (0.02, 0.04, 0.04) (0.03, 0.04, 0.04) (0.04, 0.05,0.05) (0.04, 0.08, 0.08) (0.03, 0.05, 0.05)
∼
A5 (0.03, 0.00, 0.00) (0.03, 0.04, 0.04) (0.04, 0.06, 0.06) (0.03, 0.09, 0.08) (0.03, 0.05, 0.05)
∼
A6 (0.02, 0.04, 0.04) (0.03, 0.05, 0.05) (0.04, 0.04, 0.05) (0.06, 0.00, 0.00) (0.04, 0.00, 0.00)
∼
A7 (0.03, 0.00, 0.00) (0.03 0.04, 0.04) (0.04, 0.04, 0.04) (0.04, 0.06, 0.07) (0.03, 0.05, 0.05)
∼
A8 (0.03, 0.00, 0.00) (0.04, 0.03, 0.04) (0.04, 0.05, 0.05) (0.06, 0.00, 0.00) (0.03, 0.04, 0.04)
∼
A9 (0.02, 0.04, 0.04) (0.04, 0.04, 0.04) (0.04, 0.06, 0.06) (0.06, 0.00, 0.00) (0.03, 0.05, 0.05)
∼
A10 (0.03, 0.00, 0.00) (0.04, 0.03, 0.04) (0.04, 0.04, 0.04) (0.06, 0.00, 0.00) (0.04, 0.00, 0.00)

∼
C6

∼
C7

∼
C8

∼
C9

∼
C10

∼
A1 (0.02, 0.02, 0.02) (0.03, 0.04, 0.04) (0.02, 0.02, 0.02) (0.03, 0.03, 0.03) (0.02, 0.01, 0.01)
∼
A2 (0.02, 0.02, 0.02) (0.05, 0.00, 0.00) (0.02, 0.02, 0.02) (0.05, 0.00, 0.00) (0.02, 0.01, 0.02)
∼
A3 (0.02, 0.01, 0.01) (0.04, 0.03, 0.03) (0.02, 0.02, 0.02) (0.04, 0.02, 0.02) (0.02, 0.01, 0.01)
∼
A4 (0.02, 0.01, 0.01) (0.03, 0.05, 0.04) (0.02, 0.02, 0.02) (0.03, 0.04, 0.04) (0.02, 0.02, 0.02)
∼
A5 (0.01, 0.02, 0.02) (0.03, 0.04, 0.04) (0.02, 0.02, 0.02) (0.03, 0.04, 0.04) (0.02, 0.02, 0.02)
∼
A6 (0.02, 0.02,0.02) (0.03, 0.04, 0.04) (0.01, 0.02, 0.02) (0.03, 0.04, 0.04) (0.02, 0.02, 0.02)
∼
A7 (0.02, 0.02, 0.02) (0.04, 0.04, 0.04) (0.02, 0.01, 0.02) (0.03, 0.03, 0.03) (0.02, 0.02, 0.02)
∼
A8 (0.02, 0.02, 0.02) (0.03, 0.04, 0.04) (0.02, 0.02, 0.02) (0.03, 0.04, 0.04) (0.02, 0.02, 0.02)
∼
A9 (0.02, 0.02, 0.02) (0.03, 0.04, 0.04) (0.02, 0.00, 0.00) (0.03, 0.04, 0.04) (0.02, 0.02, 0.02)
∼
A10 (0.02, 0.01, 0.01) (0.03, 0.04, 0.04) (0.02, 0.02, 0.02) (0.03, 0.03, 0.03) (0.02, 0.02, 0.02)
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Table A11. Neutrosophic PIS and NIS.

Criteria
∼
C1

∼
C2

∼
C3

∼
C4

∼
C5

V+ (0.03, 0.00, 0.00) (0.03, 0.05, 0.05) (0.06, 0.00, 0.00) (0.06, 0.00, 0.00) (0.04, 0.00, 0.00)
V− (0.02, 0.04, 0.04) (0.05, 0.00, 0.00) (0.04, 0.06, 0.06) (0.03, 0.09, 0.08) (0.03, 0.05, 0.05)

Criteria
∼
C6

∼
C7

∼
C8

∼
C9

∼
C10

V+ (0.02, 0.01, 0.01) (0.05, 0.00, 0.00) (0.02, 0.00, 0.00) (0.05, 0.00, 0.00) (0.02, 0.01, 0.01)
V− (0.01, 0.02, 0.02) (0.03, 0.05, 0.04) (0.01, 0.02, 0.02) (0.03, 0.04, 0.04) (0.02, 0.02, 0.02)

Table A12. Cosine Similarity from NPIS.

∼
C1

∼
C2

∼
C3

∼
C4

∼
C5

∼
C6

∼
C7

∼
C8

∼
C9

∼
C10 S+

i

∼
A1 0.04 0.12 0.09 0.16 0.12 0.05 0.06 0.03 0.06 0.06 0.04
∼
A2 0.05 0.05 0.14 0.06 0.06 0.05 0.12 0.03 0.11 0.06 0.05
∼
A3 0.04 0.11 0.10 0.09 0.12 0.05 0.08 0.03 0.08 0.06 0.04
∼
A4 0.03 0.12 0.08 0.05 0.04 0.05 0.05 0.03 0.05 0.06 0.03
∼
A5 0.09 0.12 0.06 0.04 0.04 0.05 0.06 0.03 0.05 0.05 0.09
∼
A6 0.03 0.12 0.08 0.16 0.12 0.05 0.06 0.02 0.05 0.05 0.03
∼
A7 0.09 0.12 0.08 0.06 0.05 0.05 0.07 0.03 0.07 0.06 0.09
∼
A8 0.09 0.11 0.07 0.16 0.06 0.05 0.06 0.03 0.06 0.06 0.09
∼
A9 0.03 0.12 0.06 0.16 0.04 0.05 0.06 0.05 0.05 0.05 0.03
∼
A10 0.09 0.11 0.09 0.16 0.12 0.05 0.06 0.03 0.06 0.06 0.09

Table A13. Cosine Similarity from NNIS.

Ai\Ci
∼
C1

∼
C2

∼
C3

∼
C4

∼
C5

∼
C6

∼
C7

∼
C8

∼
C9

∼
C10 S−i

∼
A1 0.09 0.07 0.14 0.04 0.04 0.05 0.12 0.05 0.11 0.05 0.09
∼
A2 0.09 0.12 0.06 0.15 0.11 0.05 0.05 0.05 0.05 0.06 0.09
∼
A3 0.09 0.08 0.13 0.15 0.04 0.05 0.11 0.05 0.10 0.06 0.09
∼
A4 0.09 0.06 0.14 0.15 0.12 0.05 0.12 0.05 0.11 0.06 0.09
∼
A5 0.03 0.06 0.14 0.16 0.12 0.05 0.12 0.05 0.11 0.06 0.03
∼
A6 0.09 0.05 0.14 0.04 0.04 0.05 0.12 0.05 0.11 0.06 0.09
∼
A7 0.03 0.06 0.14 0.15 0.12 0.05 0.12 0.05 0.10 0.06 0.03
∼
A8 0.03 0.07 0.14 0.04 0.11 0.05 0.12 0.05 0.11 0.06 0.03
∼
A9 0.09 0.06 0.14 0.04 0.12 0.05 0.12 0.02 0.11 0.06 0.09
∼
A10 0.03 0.07 0.138 0.042 0.043 0.049 0.116 0.053 0.107 0.057 0.03

Table A14. Jaccard Similarity from NPIS.

∼
Ai\

∼
Ci

∼
C1

∼
C2

∼
C3

∼
C4

∼
C5

∼
C6

∼
C7

∼
C8

∼
C9

∼
C10 S+

i

∼
A1 0.02 0.11 0.07 0.16 0.12 0.05 0.04 0.02 0.04 0.06 0.02
∼
A2 0.03 0.03 0.14 0.03 0.04 0.05 0.12 0.02 0.11 0.06 0.03
∼
A3 0.02 0.09 0.08 0.06 0.12 0.05 0.07 0.02 0.07 0.06 0.02
∼
A4 0.02 0.11 0.05 0.02 0.02 0.05 0.03 0.02 0.03 0.05 0.02
∼
A5 0.09 0.11 0.04 0.02 0.02 0.04 0.04 0.02 0.03 0.05 0.09
∼
A6 0.02 0.12 0.05 0.16 0.12 0.05 0.04 0.01 0.03 0.05 0.02
∼
A7 0.09 0.12 0.05 0.03 0.02 0.05 0.05 0.03 0.05 0.05 0.09
∼
A8 0.09 0.11 0.04 0.16 0.04 0.05 0.04 0.02 0.04 0.05 0.09
∼
A9 0.01 0.11 0.03 0.16 0.02 0.05 0.04 0.05 0.03 0.05 0.01
∼
A10 0.09 0.10 0.06 0.16 0.12 0.05 0.04 0.02 0.04 0.05 0.09
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Table A15. Jaccard Similarity from NNIS.

Ai\Ci
∼
C1

∼
C2

∼
C3

∼
C4

∼
C5

∼
C6

∼
C7

∼
C8

∼
C9

∼
C10 S−i

∼
A1 0.08 0.05 0.12 0.02 0.02 0.05 0.11 0.05 0.10 0.05 0.08
∼
A2 0.08 0.12 0.03 0.14 0.11 0.05 0.03 0.05 0.03 0.05 0.08
∼
A3 0.08 0.06 0.11 0.11 0.02 0.04 0.10 0.05 0.08 0.05 0.08
∼
A4 0.09 0.04 0.14 0.15 0.12 0.05 0.12 0.05 0.11 0.06 0.09
∼
A5 0.01 0.04 0.14 0.16 0.12 0.05 0.12 0.05 0.11 0.06 0.01
∼
A6 0.09 0.03 0.13 0.02 0.02 0.05 0.12 0.05 0.11 0.06 0.09
∼
A7 0.01 0.03 0.13 0.14 0.12 0.05 0.11 0.05 0.10 0.06 0.01
∼
A8 0.01 0.05 0.14 0.02 0.11 0.05 0.12 0.05 0.10 0.06 0.01
∼
A9 0.09 0.04 0.14 0.02 0.12 0.05 0.12 0.01 0.11 0.06 0.09
∼
A10 0.01 0.05 0.13 0.02 0.02 0.05 0.11 0.05 0.10 0.06 0.01

Table A16. Symbol domains and dimensions.

Symbol Meaning Dimension

xij Expert rating of alternative 𝒶i under criterion Cj
Linguistic

term–SVNN–[0, 1]

Tij, Iij, Fij Truth, indeterminacy, falsity of xij
T, I, F ∈ [0, 1],

0 ≤ T + I + F ≤ 3
Wℯj, W𝒹j Weight by Entropy and DEMATEL [0, 1]

Whj Hybrid weight [0, 1]
∼
𝒶ij Aggregated values (Tij, Iij, Fij) in NTOPSIS [0, 1]

𝒶+
i , 𝒶−

i PIS & NIS under Neutrosophic environment Triples ( T, I, F)
SCS , SJ S Cosine and Jaccard Similarity measures [0, 1]

Ψ weighting parameter [0, 1]
S+i , S−i PIS and NIS under Neutrosophic Cosine and Jaccard Similarity measures [0, 1]
R𝒸𝒸i Relative closeness coefficient [0, 1]
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