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ABSTRACT

Cultivar identification from viticultural chemical profiles is a multiclass recognition problem in which a hard label
alone does not reveal whether global chemometric evidence agrees with the local structure of previously observed
samples. This paper proposes Neutrosophic—Fuzzy Viticultural Evidence Fusion (NFVEF), an uncertainty-aware
classifier that combines a global discriminant probability vector G(x) € AK~! with a Gaussian fuzzy-neighborhood
vector L(x) € AK=1. For every cultivar k, the two evidence views are converted into

Ty = \/ GiLx, Fr=+/(1-Gy)(1-Ly),
L—1—T,—F.

where I}, is exactly the squared Hellinger disagreement between the Bernoulli support views Gy and L. A logarithmic
fuzzy opinion pool Hj o< G,?L,i_n is then attenuated by neutrosophic disagreement, Ry o« Hyexp(—kly), before
classification. The winning class is accompanied by an uncertainty score U = 1 — T;(1 — I;)(1 — F;), enabling
uncertain chemical profiles to be flagged rather than reported with unqualified confidence. The method is evaluated
on the UCI Wine cultivar dataset using 60 repeated stratified splits at four synthetic analytical-perturbation levels
6 €{0,0.1,0.2,0.3} measured relative to training-feature standard deviations. NFVEF obtains mean accuracies of
0.9858, 0.9836, 0.9744, and 0.9728, respectively. At & = 0.3, its paired accuracy advantage over linear discriminant
analysis is 0.00278 with a 95% bootstrap interval [0.00123,0.00463], while RBE-SVM remains slightly better in
raw accuracy. The uncertainty score detects NFVEF errors with mean AUC 0.9520 at the strongest perturbation, and
retaining the lowest-uncertainty 90% of cases yields 0.9922 accuracy. The contribution is therefore not universal
classifier dominance, but a mathematically interpretable fuzzy—neutrosophic evidence layer for cultivar identification
from ambiguous chemical measurements.

Keywords: Neutrosophic sets = Fuzzy evidence = Viticultural analytics = Cultivar identification = Agricultural decision
support = Uncertainty quantification « Chemical profiling

1. INTRODUCTION ical or sensor profile should support an agronomic decision
while indicating when the supporting information is internally
ambiguous. Fuzzy methods are well suited to this setting be-
cause a sample need not belong to a linguistic or numerical

Agricultural analytics increasingly relies on measurements
whose value is not only predictive but also evidential: a chem-
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class with membership only O or 1; instead, 1 (x) € [0,1] can
represent graded support [1]. Recent smart-farming studies
span monitoring, irrigation, automation, data analysis, yield
prediction, and decision support, precisely because agricul-
tural variables are heterogeneous and imperfectly measured
[2, 3]. In viticulture, fuzzy inference has already been used
to aggregate grape attributes into quality assessments [4] and
to classify wine quality from physicochemical information
[5]. These applications motivate a related but distinct ques-
tion: when a chemical profile is assigned to a cultivar, can
the classification mechanism also quantify agreement and
contradiction between global and local evidence?

The distinction matters because classification confidence and
evidence agreement are not identical quantities. Let G (x) de-
note support for cultivar k from a global parametric model and
Ly (x) denote support from a local fuzzy neighborhood. Two
profiles can produce the same final score while having very
different evidence geometry: (Gy,L;) = (0.80,0.80) repre-
sents agreement, whereas (0.98,0.62) contains substantially
more view disagreement. A conventional convex average
NGy + (1 — n)L; compresses both views immediately. In
contrast, neutrosophic representation retains truth, indetermi-
nacy, and falsity components and therefore offers a language
for separating support from contradiction [6—8]. This separa-
tion is especially attractive in agricultural decision support,
where an uncertain sample may reflect cultivar overlap, atyp-
ical chemistry, analytical perturbation, or a profile lying far
from the local training structure.

Fuzzy and neutrosophic methods have already entered agri-
cultural modeling through several routes. Fuzzy cognitive
maps have represented expert knowledge for cotton-yield pre-
diction [9]; interpretable fuzzy inference systems have been
developed to combine expert and data information [10]; fuzzy-
rough modeling has supported crop identification and suitabil-
ity prediction [11, 12]; and hybrid fuzzy-logic and genetic-
algorithm modeling has been used for maize-yield prediction
under maize—legume farming systems [13]. Neutrosophic
formulations have addressed uncertain crop-production op-
timization [14] and crop-selection risk analysis [15]. Those
studies demonstrate the usefulness of soft-computing uncer-
tainty in agriculture, yet they do not directly construct a
class-wise neutrosophic state from the disagreement of two
probabilistic/fuzzy recognition views.

This paper develops such a construction for cultivar identifi-
cation. The application uses the UCI Wine data, consisting of
178 chemical analyses from wines grown in the same Italian
region but derived from three cultivars; each sample contains
13 measured constituents [ 16, 17]. The dataset is intentionally
modest and well studied, so it should not be presented as a
difficult modern benchmark. Its value here is methodologi-
cal: the three-class chemical setting provides a reproducible
agricultural test bed in which evidence fusion, analytical per-
turbation, uncertainty ranking, ablation, and sensitivity can
all be examined without confounding the contribution with a
large black-box architecture.

The proposed Neutrosophic—Fuzzy Viticultural Evidence Fu-
sion (NFVEF) algorithm has four linked stages. First, stan-
dardized chemical features z € R are evaluated by a global
linear discriminant model and a local Gaussian fuzzy neigh-
borhood, giving G,L € AK~!. Second, each pair (Gy, Ly) is

transformed into a normalized neutrosophic evidence triple
Z = (T, Iy, Fy,). Third, a logarithmic fuzzy opinion pool is
attenuated according to Iy before selecting § = argmax;, Ry.
Fourth, the winning triple is mapped to an explicit uncer-
tainty U(x) € [0, 1] that can support screening or selective
laboratory review. The pipeline is therefore

x — (G,L) — {(T.l. F)}eey — R — (9,U).

The algorithm is stated in pseudocode and its core properties
are proved before the numerical study.

The contributions are: (i) a class-wise fuzzy—neutrosophic
evidence construction in which indeterminacy has an exact
Hellinger interpretation; (ii) a fusion rule that separates fuzzy
pooling from neutrosophic disagreement attenuation; (iii)
a bounded uncertainty function whose derivatives have the
expected signs with respect to T, I, and F; and (iv) a re-
producible cultivar-identification experiment with analytical-
noise stress testing, repeated splits, paired bootstrap intervals,
class-wise recall, ablation, and parameter sensitivity. Because
strong conventional classifiers are included, the analysis also
reports where NFVEF does not dominate.

The remainder follows an application-centered progression.
Section 2 separates agricultural fuzzy systems, neutrosophic
decision models, and cultivar-recognition methods. Section 3
defines the agricultural data and the two evidence views. Sec-
tion 4 presents NFVEF and its pseudocode. Section 5 estab-
lishes mathematical properties. Section 6 specifies the numer-
ical protocol, Section 7 reports the main results, Section 8§
analyzes robustness and agronomic interpretation, Section 9
states limitations, and Section 10 concludes.

2. RELATED WORK

2.1 Fuzzy reasoning in agriculture and viticulture

The transition from crisp thresholds to graded reasoning is a
long-standing feature of fuzzy systems. Zadeh’s membership
principle pa(x) € [0,1] [1] was followed by extensions for
intuitionistic information [18], fuzzy entropy [19], clustering
[20], possibilistic membership [21], and fuzzy-rough approx-
imation [22]. In agriculture, these ideas are useful when
variables such as quality, suitability, stress, or productivity do
not have naturally sharp boundaries. The review by ElBeheiry
and Balog [3] identifies sensors, communication, big data,
actuators, and data analysis as central smart-farming themes,
while Abdullah et al. [2] demonstrate fuzzy monitoring in a
broader smart-agriculture architecture.

Application-specific work illustrates several forms of agricul-
tural uncertainty. Tagarakis et al. [4] used fuzzy inference
to model grape quality from multiple vineyard attributes,
and Petropoulos et al. [5] developed a fuzzy tool for wine-
quality classification. Papageorgiou et al. [9] represented
causal agronomic knowledge with fuzzy cognitive maps for
cotton-yield decision support. For data-driven crop recogni-
tion, Acharjya and Rathi [11] combined fuzzy-rough sets with
a real-coded genetic algorithm, whereas Anitha and Achar-
jya [12] combined fuzzy approximation with rough-set and
neural-network reasoning for crop suitability. Agricultural
variety recognition also has a conventional machine-learning
lineage; for example, Koklu and Ozkan [23] classified seven
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registered dry-bean varieties using image-derived features.
These studies show that fuzziness can operate at rule, feature,
neighborhood, or decision levels rather than being restricted
to one architecture.

2.2 Neutrosophic information and agricultural decisions

Single-valued neutrosophic representation associates an ob-
ject with T, I, F € [0, 1] and does not require the three compo-
nents to satisfy the probability-simplex constraint [6]. Sub-
sequent work has developed similarity, entropy, and distance
constructions for neutrosophic information [7, 8, 24, 25]. The
distinction between evidence supporting a proposition, evi-
dence against it, and residual indeterminacy is particularly
relevant when inputs come from heterogeneous or partially
conflicting sources.

Agricultural neutrosophic studies have so far concentrated
largely on planning and multicriteria uncertainty. Kousar et al.
[14] formulated multi-objective crop-production optimization
in a neutrosophic fuzzy environment, whereas Borah and
Dutta [15] developed a quadripartitioned single-valued neu-
trosophic risk-analysis framework for crop selection. These
are decision-analysis contributions rather than pattern clas-
sifiers. NFVEF uses neutrosophic information at a different
level: for every candidate cultivar k, it derives (T, I, Fy)
directly from the agreement geometry of global and local
classification evidence.

2.3 Cultivar recognition and local evidence

The UCI Wine data originate from chemical analyses of three
cultivars and were introduced in work comparing multivari-
ate statistical pattern-recognition methods [17]. Linear dis-
criminant analysis has a classical statistical foundation [26],
while nearest-neighbor decisions formalize local similarity
[27]. Fuzzy-rough nearest-neighbor methods later showed
how local neighborhoods can be integrated with graded ap-
proximation rather than crisp voting [28]. NFVEF deliber-
ately combines these two scales: global evidence describes
the class structure estimated from the complete training set,
while local evidence asks whether nearby reference samples
support the same conclusion.

The comparison set also includes RBF support-vector ma-
chines [29] and random forests [30]. These models are not
claimed to be fuzzy or neutrosophic; they serve as strong
predictive controls. All implementations use the scikit-learn
software ecosystem [31]. This design helps separate two ques-
tions: whether NFVEF predicts competitively and whether
its explicit (7,1, F) layer adds uncertainty information that
ordinary class labels do not provide.

3. APPLICATION SETTING AND EVIDENCE REPRE-
SENTATION

3.1 Chemical cultivar-identification setting
Let

9:{()51‘;)71')}?:1, yi€{1»~~~,K}, (D

with n =178, d = 13, and K = 3. The UCI record describes
the observations as chemical analyses of wines from three
cultivars grown in the same Italian region [16]. The features

Xi GRd,

are alcohol, malic acid, ash, alkalinity of ash, magnesium,
total phenols, flavanoids, nonflavanoid phenols, proantho-
cyanins, color intensity, hue, OD280/0D315 of diluted wines,
and proline. Because cultivar names are not supplied in the
repository, the classes are reported neutrally as C1, C2, and
C3 rather than assigning unsupported grape-variety names.

Training features are standardized coordinatewise,
Xij — Hj

Zij=—=—,
Oj

j=1....d, 2

using training-set statistics only. Thus z; € R is dimension-
less, which is essential because the chemical variables have
heterogeneous physical scales. A perturbed test profile used
later in the robustness experiment is generated as

AV =x+8DE, &~ (0,1), (3)
where D = diag(Gy,...,6,) and & € {0,0.1,0.2,0.3}. Equa-
tion (3) is a controlled analytical perturbation model; it is not
asserted to reproduce the noise law of a specific spectrometer
or laboratory instrument.

3.2 Global discriminant evidence

Let G (x) be the posterior probability returned by linear dis-
criminant analysis after standardization. With class prior 7,
class mean L, and common covariance ¥, the discriminant
score has the form

_ 1 _
g(x) =22 l.uk*ENkTE Y +log ., “4)

and normalization yields

e8(2)

= W’ G(Z) c AK_I‘ (5)

Gi(2)

The global view is therefore class-wide: every training ob-
servation contributes to the fitted class means and pooled
covariance, so Gy(z) reflects the global chemometric struc-
ture rather than only the nearest reference samples.

3.3 Local Gaussian fuzzy evidence

Global posteriors can be confident even when a query lies in
a locally mixed region. To represent neighborhood evidence,
let N,(z) be the ¢ nearest standardized training samples and
define

llz— 2|13

wy(z) = exp { T } , re Ny(z), (6)

where 4 is the median training distance to the gth neighbor.
The fuzzy local support for cultivar k is

_ Yren,(z) wr(2)1(y, = k)
Lk(Z) B ZrENq(z) WT(Z)

; (M

so that L(z) € AK~! exactly. The denominator is strictly posi-
tive because Gaussian weights satisfy w,(z) > 0 for every re-
trieved neighbor. Unlike crisp ¢g-NN voting, a nearby sample
contributes more than a distant member of the same neigh-
borhood. This weighting is consistent with the broader fuzzy-
clustering and fuzzy-neighborhood tradition [20, 21, 28].
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The two vectors G, L € AK~! encode complementary statisti-
cal scales. Their direct difference |Gy — Ly| is informative but
incomplete because it ignores whether both views simultane-
ously support or reject a class. NFVEF therefore transforms
each pair (G, L) into a three-component evidence state be-
fore fusion.

4. PROPOSED NFVEF ALGORITHM

4.1 Class-wise neutrosophic evidence

For each cultivar k, define

Ti = v/ GyLg, (®
Fi =/ (1-Gy)(1-Ly), )
L=1-T,—F. (10)

The product in 7 is large only when both views support the
class; analogously, Fy, is large only when both views reject it.
Indeterminacy I is the residual agreement deficit. Although
general single-valued neutrosophic sets do not impose T + 1+
F =1 [6], the construction in (8)—(10) intentionally occupies
the normalized subfamily

Ty +1I+F =1, (11)

which makes the three components immediately interpretable
for two-view evidence fusion.

4.2 Fuzzy opinion pooling and neutrosophic attenuation

Before applying the disagreement term, the two support dis-
tributions are fused through a logarithmic fuzzy pool,

H,
Hy=—* (12)

H, = max(Gy, €)M max(Ly, &)1,
2:0

where 0 < 1 < 1 controls the global-local balance. Thus
n =1 recovers the global evidence and 11 = O recovers the
local evidence in the positive-support limit. The final NFVEF
score attenuates a pooled class when its two evidence views
disagree:

- R
R = erirdk, R; = 1: R

YR
For any classes k and ¢ with positive pooled support, normal-
ization cancels in the odds ratio, giving

k>0, (13)

i Hy
log —F —log =X k(I — I). 14
ogp =log g k(I —1Ip) (14)

Hence an excess disagreement [, — I, = Al > 0 multiplies
the pooled odds of class k relative to class ¢ by e ¥/, The
cultivar decision is

y= argmax Ry. (15)
ke{l,....K}

When k = 0, Equation (13) reduces exactly to the fuzzy log-
pool R = H. Thus the ablation between H and R isolates
the contribution of neutrosophic disagreement rather than
changing the underlying global or local evidence estimators.

Algorithm 1 Neutrosophic—Fuzzy Viticultural Evidence Fu-
sion (NFVEF)

Require: Training data &, query x, neighbors g, balance 17, attenu-
ation K
. Fit training scaler and transform x — z
: Fit LDA and compute G = (G, ...,Gg) using (5)
: Find N, (z) and compute Gaussian weights w;(z) using (6)
: Compute local fuzzy vector L = (Ly,...,Lg) using (7)
fork=1,...,Kdo
T < VGrLy
Fiee /(1 -Gl — L)
I« 1-T,—F
Hj, < max(Gy, &) max (L, &)~
: end for
: Normalize Hy < I-le/(Zg ITI(;)
12: Ek <+ He * for all k; normalize to R
¢ k < argmax; Ry
14: U+ 1— T;(l 712)(1 fF%)
15: return cultivar k, uncertainty U, and triples { (T, I, Fi) }X_,

R I A T T

—_ =
—_—o

—_
(95}

~

4.3 Decision-level uncertainty

For the winning class %, define reliability and uncertainty by

Z(x) =T,(1-L)(1-F), Ux)=1-Z(x). (16)
A confident sample should therefore exhibit high truth sup-
port, low indeterminacy, and low falsity simultaneously. This
differs from ordinary 1 —max; Ry: U is explicitly tied to the
neutrosophic components used to explain the decision.

Algorithm [ is deliberately modular. The global learner could
be replaced by another calibrated model and the local evi-
dence could be generated by another fuzzy relation, but the
present study fixes both components before testing so that
the numerical experiment evaluates one reproducible method
rather than a family selected after observing results.

5. MATHEMATICAL PROPERTIES

Proposition 1 (Validity and Hellinger interpretation)
For Gy,L; € [0,1], the quantities in (8)—(10) satisfy
Ty, Fe, Iy € [0,1] and (11). Moreover,

I = H*(Bern(Gy),Bern(Ly)) (17

where squared Hellinger distance is defined as one minus the
Bhattacharyya coefficient.

Proof. Nonnegativity of T and Fj is immediate. By Cauchy—
Schwarz,

VGiLi++/(1-G)(1 - Ly)
<V[Ge+ (1= Gl[Li+ (1 - L)) = 1.

so I, > 0; the upper bound follows because T + F; > 0. Equa-
tion (11) holds by definition. The Bernoulli Bhattacharyya

coefficient is precisely v/GiLx + /(1 — Gy)(1 — L), yield-
ing (17). O
A consequence is

I, =0 < G, =L, (18)
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so the indeterminacy coordinate is not an arbitrary penalty. It
is the square of the Hellinger metric between two Bernoulli
class-support views; equivalently, /I; is a proper metric
distance while I is its squared disagreement. For small Ay =
Li — Gy with 0 < Gy < 1, a Taylor expansion gives

A

_ 3

I
showing that equal absolute disagreement is more consequen-
tial when global support lies close to 0 or 1 than near 1/2.

Proposition 2 (Fusion limits) Assume strictly positive
Gy, Ly. The pool in (12) satisfies H=Gatn =1and H=L
at N = 0. The final score satisfies R = H when x = 0. If
Gy = Ly for every k, then I, = O for every class and therefore
R=H forany x > 0.

Proof. Substituting 1 € {0,1} into (12) gives the first two
identities after normalization. Substituting k¥ = 0 into (13)
gives A =1.If G =Ly, Proposition 1 and (18) give [ =0,
so the attenuation is again unity. [J

Proposition 3 (Uncertainty bounds and monotonicity)
ForT,I,F € |0,1], the uncertainty function

U(T,I,F)=1-T(1-I)(1—F) (20)

satisfies 0 < U < 1 and

U
57 =~ (1=D{1-F) <0,
U oU

Proof. The product T(1—1)(1 — F) lies in [0, 1], giving the
bounds. Direct differentiation yields (21). J

Thus, on the ambient cube [0, 1]3, increasing truth cannot
increase uncertainty, whereas increasing indeterminacy or
falsity cannot decrease it. NFVEEF triples additionally satisfy
T +1+F =1, so admissible changes of the three coordinates
are coupled; the partial derivatives in (21) should therefore
be read as coordinatewise sensitivity statements for the un-
certainty mapping rather than as three independently varying
agronomic quantities.

For n training samples and d features, fitting LDA has the
usual data-dependent linear-algebra cost, while query-time
global scoring is O(Kd). Brute-force neighbor retrieval is
O(nd) per query and local aggregation is O(gK). The neutro-
sophic transformation and fusion are O(K), so for the present
small reference set the dominant query cost is the neigh-
borhood search. Spatial indexing or approximate-neighbor
search can replace brute force when n becomes large without
altering Equations (8)—(16).

6. EXPERIMENTAL PROTOCOL

6.1 Dataset and repeated evaluation

The UCI Wine dataset contains class counts (59,71,48) and
no missing values [16]. Each experiment uses a stratified
70/30 train—test split. To reduce dependence on one favor-
able partition, 60 independent stratified splits are generated

for every perturbation level in (3). Test perturbations use
training-feature standard deviations only; the training data
remain unperturbed. Consequently the experiment evaluates
robustness to analytical variation at inference rather than ro-
bustness to mislabeled or corrupted training observations.

The principal NFVEF setting is

qg=9, n = 0.80, k=1.0. (22)
The choice gives the global chemometric view larger weight
while preserving local evidence and a moderate disagreement
attenuation. These values are fixed for the main experiment.
A separate sensitivity grid later evaluates g € {5,9,15}, 1 €

{0.65,0.80,0.95}, and k € {0,1,2}.

6.2 Comparators and metrics

Predictive comparators are LDA, logistic regression, distance-
weighted 7-NN, RBF-SVM with C = 2, and a 70-tree random
forest. These cover linear probabilistic discrimination, lo-
cal classification, kernel discrimination, and tree ensembles;
their classical foundations include Fisher [26], Cover and
Hart [27], Cortes and Vapnik [29], and Breiman [30]. All
computational models are implemented with scikit-learn [31].
The fuzzy/neutrosophic ablation includes global evidence G,
local evidence L, the fuzzy log-pool H, and complete NFVEF
R.

For test labels y; and predictions y;, accuracy and macro-F;
are reported. Let ¢; = 1(3; # y;). The diagnostic value of
uncertainty is measured by

AUC = Pr{U (xcrror) >U (xcorrect) } s (23)

whenever both correct and incorrect samples occur in a split.
Values near one indicate that errors are ranked as substantially
more uncertain than correct decisions.

A second diagnostic retains the lowest-uncertainty 90% of
each test split. With test size 54, the implementation keeps
[0.9 x 54| = 49 cases, giving realized coverage

Coo =49/54 = 0.9074. (24)

The corresponding selective accuracy is descriptive rather
than a deployed rejection policy because the threshold is
computed from the test uncertainty ordering. It answers a
narrow question: does U rank the safer profiles near the
bottom?

Paired contrasts use the same 60 train—test partitions for both
methods. If d, is a replicate-level metric difference, the re-
ported 95% interval is obtained from 4000 paired bootstrap
resamples of {d,}%° . The fixed random seed is 20251217
and replicate-level outputs are retained with the source code.

7. NUMERICAL RESULTS

7.1 Classification under analytical perturbation

Table | reports mean accuracy. On clean profiles, LDA is
marginally higher than NFVEF (0.9861 versus 0.9858), a
difference of only —3.1 x 10~%. At 8 = 0.2, NFVEF reaches
0.9744, slightly above LDA (0.9731), logistic regression
(0.9719), RBF-SVM (0.9738), random forest (0.9704), and
kNN (0.9565). At the strongest perturbation 6 = 0.3, NFVEF
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remains at 0.9728 while LDA falls to 0.9701 and random for-
est to 0.9608. RBF-SVM obtains the best raw accuracy at this
level (0.9762). The result supports competitive robustness
under the stated perturbation model, not universal superiority.

Table 1. Mean classification accuracy over 60 repeated stratified
splits. The perturbation & in (3) is measured in training-feature
standard-deviation units.

NFVEF

0.9858 0.9836 0.9744 0.9728

LDA 0.9861 0.9843 09731 0.9701
Logistic regression 0.9818 0.9790 0.9719 0.9719
7-NN, distance weighted 0.9630 0.9630 0.9565 0.9494
RBF-SVM 0.9818 0.9827 0.9738 0.9762
Random forest 0.9731 0.9790 0.9704 0.9608

The decrease in NFVEF accuracy from clean to 0.3¢ pertur-
bation is

Ao—03 =0.97284 —0.98580 = —0.01296, (25)

which corresponds to about 1.30 percentage points. Macro-Fj
follows almost the same trajectory (Table 2), indicating that
overall accuracy is not being maintained by sacrificing one
cultivar completely.

Table 2. NFVEF performance and uncertainty diagnostics. Values
are means over 60 splits; accuracy SD is shown in parentheses.

) Accuracy Macro-F; Error AUC  Sel. Acc.
0.0 .9858 (.0142) .9859 9718 9986
0.1  .9836 (.0137) .9839 9708 19980
0.2 .9744 (.0187) 9748 9613 9942
0.3 .9728 (.0165) 9733 9520 9922

Selective accuracy uses realized coverage 0.9074.

7.2 Uncertainty as an error-screening signal

The more distinctive numerical result concerns uncertainty
ranking. Error AUC decreases smoothly from 0.9718 on
clean profiles to 0.9520 at 6 = 0.3, yet remains far above
the noninformative value 0.5. Thus, even when perturbation
makes classification harder, wrong cultivar assignments tend
to receive larger U (x) than correct assignments. At approxi-
mately 90% coverage, retained-case accuracy remains 0.9922
at the strongest perturbation, compared with the full-sample
0.9728. This is a diagnostic property of the ranking, not evi-
dence that 9.26% of future samples can be rejected without
an externally calibrated operating threshold.

The paired bootstrap results in Table 3 sharpen the predic-
tive comparisons. At § = 0.3, NFVEF exceeds LDA by
0.00278 with interval [0.00123,0.00463] and random forest
by 0.01204 with interval [0.00586,0.01821]. Against RBF-
SVM, however, the mean difference is —0.00340 and the
interval crosses zero. At 6 = 0.2, the NFVEF-LDA dif-
ference 0.00123 also has an interval spanning zero. These
intervals discourage overinterpreting very small differences
on a compact dataset.

7.3 Cultivar-wise behavior

Table 4 shows that C2 is consistently the most difficult
class. At 6 = 0.2, recalls are (0.9824,0.9571,0.9889) for
(C1,C2,C3); at 6 = 0.3 they are (0.9852,0.9532,0.9856).
The spread between the easiest and hardest cultivar at § = 0.3
is therefore approximately 0.0324. Because the dataset does

Table 3. Paired bootstrap accuracy contrasts, NFVEF minus com-
parator; 4000 bootstrap resamples of 60 replicate-wise differences.

8  Comparator Mean 25% 97.5%

0.0 LDA -.00031 -.00185 .00123
SVM .00401  -.00093  .00926
RF .01265 .00648  .01914
0.2 LDA .00123  -.00093  .00370
SVM .00062  -.00463  .00586
RF .00401  -.00093  .00926
03 LDA .00278 00123 .00463
SVM -.00340  -.00957  .00248
RF .01204  .00586  .01821

not provide cultivar names, this pattern should be interpreted
statistically rather than attributed to a particular grape variety
or chemical mechanism.

Table 4. NFVEF class recall, mean (SD), over repeated splits.
[ C1 Cc2 c3

0.0 .9963 (.0140) .9738 (.0309) .9900 (.0240)
0.1 9963 (.0140) .9643 (.0324) .9956 (.0168)
02 9824 (.0280) .9571 (.0408) .9889 (.0251)
0.3 9852 (.0268) .9532(.0416) .9856(.0327)

8. ROBUSTNESS, ABLATION, AND INTERPRETA-
TION

8.1 What is contributed by each evidence layer?

Table 5 isolates the components at § = 0.2. Global LDA ev-
idence alone obtains 0.97315 accuracy, while local fuzzy
evidence alone obtains 0.95988. Their logarithmic pool
raises accuracy to 0.97438. Complete NFVEEF retains the
same mean accuracy but increases error AUC slightly from
0.96053 to 0.96125. The selective accuracy of the log-pool is
marginally higher (0.99490 versus 0.99422). Consequently,
the neutrosophic attenuation is best interpreted here as an
uncertainty-structuring mechanism; it is not responsible for a
large accuracy gain on this dataset.

Table 5. Ablation at § = 0.2.

Variant Accuracy Error AUC Sel. Acc.
Global evidence 97315 .95262 99116
Local fuzzy evidence 95988 94236 98469
Fuzzy log-pool 97438 .96053 99490
NFVEF 97438 96125 .99422

This ablation clarifies the division of labor between the two
uncertainty mechanisms. The value of a fuzzy—neutrosophic
classifier cannot be inferred merely from the presence of
T,I,F coordinates. In NFVEEF, the fuzzy pool H carries
most of the predictive improvement over either isolated ev-
idence source, whereas I; provides a geometrically defined
disagreement quantity and a modest improvement in error
ranking. The decomposition is therefore useful even when
argmax; Ry = argmax; H; for many samples.

8.2 Parameter sensitivity

The separate 30-split sensitivity experiment at 6 = 0.2 spans
all 27 combinations of (g, 7, k). Mean accuracy ranges only
from 0.97346 to 0.97716, a width of

0.97716 — 0.97346 = 0.00370, (26)
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while error AUC ranges from 0.96116 to 0.97614. The prin-
cipal configuration (9,0.80, 1) yields accuracy 0.97593 and
error AUC 0.96958 in this separate split set. The highest
observed accuracy is 0.97716 at (9,0.65,2), whereas the
highest AUC 0.97614 occurs elsewhere in the grid. This
noncoincidence reinforces the distinction between maximiz-
ing classification accuracy and maximizing the ability to flag
questionable decisions.

Table 6. Selected sensitivity settings at & = 0.2 (30 independent
splits).

q n kK  Accuracy Error AUC
5 65 0 97346 96657
9 65 2 97716 96325
9 80 1 97593 .96958
9 95 0 .97593 97011
15 95 1 97469 97614

Full 27-setting grid is included in the reproducibility package.

8.3 Interpretation for viticultural chemical analytics

The agricultural use case is best understood as a decision-
support layer around laboratory-derived chemical profiles.
Existing fuzzy viticulture work shows how multiple grape
attributes can be combined into an interpretable quality index
[4], while fuzzy wine analysis has demonstrated the useful-
ness of graded rules for quality classification [5]. NFVEF
addresses a different stage: given a profile to be assigned to
a known cultivar class, it asks whether global chemometric
structure and nearby reference profiles tell the same story.

For a winning class k, three qualitatively different situations
are possible. If T;; = 1 and (L, F;) = (0,0), the global and
local views agree on strong support. If I is elevated, the views
conflict even when the final score still selects that cultivar.
If F; is elevated, both views jointly reject the candidate and
another class should normally dominate after normalization.
This separation can support a laboratory workflow in which a
high-U profile is remeasured, checked for sample handling, or
routed to a more specialized identification model rather than
being accepted as an ordinary high-confidence prediction.

The formulation also aligns with a broader agricultural trend
toward hybrid uncertainty-aware systems. Fuzzy-rough crop
identification uses graded approximations to manage hetero-
geneous agricultural data [11]; neutrosophic optimization and
risk analysis retain indeterminacy in crop-planning decisions
[14, 15]; and hybrid fuzzy-logic and genetic-algorithm mod-
els combine interpretable soft computing with data-driven
maize-yield prediction [13]. NFVEF contributes a smaller,
mathematically explicit component to that landscape: a two-
view evidence transform that can sit between a predictive
model and an agronomic decision.

9. LIMITATIONS

The first limitation is the dataset. With only 178 observa-
tions and three well-separated classes, the UCI Wine bench-
mark cannot establish field-level generalizability. The orig-
inal statistical study already used it for comparative pattern
recognition [17], and modern classifiers can achieve very
high accuracy. The present experiment therefore validates
the mechanics of the proposed evidence layer rather than
demonstrating readiness for field deployment or commer-
cial cultivar certification. Future validation should use larger

multi-vintage, multi-region, and multi-instrument collections
in which cultivar, terroir, season, and measurement platform
vary simultaneously.

Second, the perturbation model in (3) is synthetic and inde-
pendent across features after scaling. Real analytical errors
may be heteroscedastic, correlated, batch dependent, or af-
fected by calibration drift. A stronger study would estimate a
covariance Q from repeated laboratory measurements and re-
place §DE with a domain-specific error model & ~ .47 (0, )
or an empirical bootstrap of instrument replicates.

Third, NFVEF currently uses LDA as the global source and
Euclidean Gaussian neighborhoods as the local source. This
pairing was selected for transparency, not because it is uni-
versally optimal. Stronger nonlinear models can outperform
NFVEEF in raw accuracy, as RBF-SVM does at § = 0.3 in
Table 1. The uncertainty layer should therefore be studied
with calibrated nonlinear global probabilities, metric learn-
ing, and fuzzy-rough neighborhoods. The deeper issue is
not which classifier has the largest third decimal place, but
whether (7,1, F) remains stable and useful when evidence
sources become more complex.

Finally, the 90% selective analysis is retrospective because
the threshold is taken from the test uncertainty ordering. De-
ployment requires a validation-set threshold 6 satisfying an
operating constraint such as Pr(U < 6) = ¢ on held-out his-
torical data. Such calibration is essential before attaching
economic or agronomic consequences to a rejection decision.

10. CONCLUSION

This paper formulated cultivar identification as an evidence-
fusion problem rather than a hard multiclass decision alone.
Given global support Gy, and local fuzzy support Ly, NFVEF
constructs

T = / GiLy,

Ie=1=/GiLi— /(1 - Gp) (1 — L),
Fe=+/(1=Gi)(1—Ly).

where I, is exactly a squared Hellinger disagreement. The
fuzzy log-pool Hj o< G,?L,l*n provides the predictive fusion,
while e~ */k explicitly penalizes disagreement before normal-
ization. The associated uncertainty U = 1 —T(1 —1)(1—F)
is bounded and monotone in the intended directions.

On the UCI cultivar data, NFVEF maintains mean accuracy
from 0.9858 without perturbation to 0.9728 under 0.36 syn-
thetic analytical noise. Its paired NFVEF-LDA bootstrap
interval is entirely positive at the strongest tested perturbation,
yet RBF-SVM remains marginally higher in raw accuracy, so
no universal dominance claim is warranted. More importantly
for the proposed contribution, NFVEF uncertainty ranks er-
rors effectively: mean error-detection AUC remains 0.9520 at
0 = 0.3, and low-uncertainty cases show substantially higher
retained-case accuracy. Ablation demonstrates that fuzzy
pooling supplies most of the classification gain, whereas the
neutrosophic layer primarily structures disagreement and di-
agnostic uncertainty.

The resulting framework is therefore best viewed as an inter-
pretable fuzzy—neutrosophic evidence layer for viticultural
chemical identification decisions. Future work should eval-
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uate it on multi-site cultivar datasets, repeated-instrument
measurements, spectral and metabolomic profiles, and field-
deployed validation thresholds, where explicit indeterminacy
may have greater operational value than on a compact bench-
mark.
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