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Abstract  Convolutional Neural Networks (CNNs) are widely used for tasks such as image segmentation, object
recognition, and classification, with pooling operations playing a key role in reducing computational complexity and model
parameters. While traditional and fuzzy-based pooling methods have been extensively studied, recent approaches have
introduced intuitionistic fuzzy pooling to address local imprecision in feature maps. However, this method relies on the
assumption that the indeterminacy is simply the complement of membership and non-membership degrees—an assumption
that can be inaccurate in complex environments.

To overcome this limitation, we propose a novel pooling operation based on Neutrosophic Fuzzy Sets (NFSs), which
explicitly incorporates a degree of indeterminacy. Our method, called Neutrosophic Pooling, operates in four stages: bi-
fuzzification using membership, non-membership, and indeterminacy maps; a first aggregation converting Neutrosophic
Fuzzy Set NFS into a classical fuzzy set; a second aggregation using a sum operator; and finally, defuzzification through a
max operation. This new pooling layer can be seamlessly integrated into CNN architectures, replacing standard, fuzzy, or
intuitionistic pooling layers.

Experimental evaluations across several benchmark datasets demonstrate that the proposed NFS-based pooling significantly
enhances classification performance, especially in uncertain or noisy environments, outperforming state-of-the-art pooling
methods.

Keywords Convolutional Neural Networks (CNNs), Neutrosophic Fuzzy Sets (NFS), Neutrosophic Pooling, Image
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DOI: 10.19139/s0ic-2310-5070-3466

1. Introduction

Neutrosophic fuzzy sets are an extension of fuzzy sets and intuitionistic fuzzy sets (IFSs), introduced by
Smarandache in 1998[1] then the concept of a single-valued neutrosophic set (SVNS) presented by wang[2] until
be oriented for real scientific and engineering applications . Fuzzy sets were first introduced by L. Zadeh in 1965
to describe the degree of belonging of each element to a group or class by a value called membership to any non-
deterministic event, where this value is less than or equal to one. This concept addresses the vagueness in classical
(crisp) sets, where an element either fully belongs to a class (1) or does not belong at all (0).

In 1983, K. Atanassov[3] proposed the intuitionistic fuzzy set (IFS) as a generalization of fuzzy sets. IFS
consider not only the membership of an element to a class but also the non-membership, addressing the fact that
an element could not belong to a class, where the sum of both membership and non-membership less or equal 1.
Intuitionistic fuzzy sets can only handle incomplete information no the indeterminate information and inconsistent
information[4].

Neutrosophic sets extend these ideas further by handling information that encompasses not only uncertainty and
vagueness but also indeterminacy and inconsistent information. Neutrosophic sets comes with three functions T,
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F and I which indicate truthiness, Falsity and indeterminacy respectively where all the function are independent
[5] and belong to |0, 17, and their summation between 0 and 3. In fuzzy sets, the membership function handles
vagueness, and in IFS, there is an additional function gives attention to non-membership, addressing uncertainty.
Neutrosophic sets study cases where an element might partially belong to a set, addressing the problem of
indeterminacy along with the issues handled by fuzzy sets and IFSs, Furthermore NFSs handles uncertainty better
than fuzzy logic where they are case when fuzzy logic couldn’t perform will with uncertainty problem [6] .

In neutrosophic sets, truth, indeterminacy, and falsity are independent, which is particularly important in
situations such as information fusion, where data from different sensors are combined, whereas in intuitionistic
sets, they are dependent. A Neutrosophic Fuzzy Set (NFS) becomes an IFS when the sum of truth, indeterminacy,
and falsity is less than or equal to 1.

SVNS provides a more practical and efficient approach for applying neutrosophic logic to real-world problems,
making it preferable in many scientific and engineering contexts.

Now, in our work we seek to applied the concept mathematics of neutrosophic fuzzy set into field of deep

learning more specially in CNNs.
Convolutional Neural Networks (CNN5s) are a class of deep learning models specifically designed for processing
structured grid data, such as images. They leverage convolutional layers to automatically extract hierarchical
features from the input data, allowing the model to learn spatial hierarchies effectively. CNNs consist of several key
components: convolutional layers that apply filters to capture local patterns, pooling layers that decrease the size of
activation maps to reduce dimensionality and while retaining important information, and fully connected layers that
interpret the features for classification or regression tasks. This architecture makes CNNs particularly powerful for
tasks such as image recognition, object detection, and segmentation, achieving state-of-the-art performance across
various benchmarks. Their ability to learn directly from raw pixel values, combined with techniques like data
augmentation and transfer learning, has revolutionized computer vision and enabled significant advancements in
related fields.

The main contributions of this paper can be summarized as follows: We propose a novel pooling method based on
neutrosophic fuzzy sets, termed Neutrosophic Fuzzy Pooling, for CNN architectures. We introduce a mathematical
formulation of pooling using neutrosophic logic to better handle uncertainty and indeterminacy in feature maps.
Furthermore, we conduct a comparative study between the proposed method and standard pooling techniques,
including average pooling and fuzzy pooling. In addition, we validate the effectiveness of the proposed approach
through experiments on benchmark datasets such as MNIST, CIFAR10, and STL10. Finally, we demonstrate that
the proposed method achieves improved performance in terms of accuracy and loss while maintaining robustness.
In this work we will focus on pooling. Where, in pooling layer we reduce the spatial dimension using neutrosophic
fuzzy sets

Our work is outlined as follows: In the first section, we begin with an introduction that provides background
information on our study. Next, we explore previous pooling methods in related work and discuss the important
concepts in mathematics related to neutrosophic fuzzy sets , including the mathematical equations used in pooling
in neutrosophic fuzzy sets section. Following that, we describe the datasets used in this study, namely MNIST,
CIFARI10, and STL10, in a dedicated Datasets section. Then, we present experimental results and analysis on
different datasets when we present experimental results and analysis on different datasets, concluding with a future
work and summary of our findings.

2. Related work

The first pooling introduced and used in CNN architecture was Average pooling, as implemented in LeNet by
LeCun. later, Max pooling became popular following its successful use in AlexNet. Since then, numerous pooling
approaches have been introduced including methods that combine both average and max pooling, such as Mix-
pooling [7] and gated mix-average pooling. or approaches incorporating fuzzy logic.

Images typically exhibit strong correlations between neighboring pixels. Traditional pooling methods like mixed
max-average pooling and gated mix-average pooling often overlook these relationships by handling each pooling
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region separately. To address this limitation, Dynamic Correlation Pooling was proposed, enabling the use of inter-
pixel correlation during pooling [8, 9].

A wide range of soft pooling techniques have been developed to provide smoother and more adaptable
alternatives to traditional pooling operations. These methods aim to retain more nuanced feature information by
using continuous, differentiable functions rather than hard selection mechanisms like max or average pooling.
Notable examples include Log-Sum-Exp (LSE) pooling[10], which approximates the maximum through a smooth
logarithmic function; Polynomial pooling [11], which uses polynomial transformations to capture nonlinear
relationships; and Learned-Norm pooling [12], which learns an optimal norm parameter during training. Other
variants such as 1, pooling [13] generalize between max and average pooling depending on the value of p,
while a-Integration (a-I) pooling [14] introduces a parameterized integration framework to unify different pooling
behaviors.

Additional soft pooling strategies include Rank-based pooling [15], which considers the order of feature values;
Dynamic pooling [16], which adapts pooling based on feature importance; and Smooth-Maximum pooling [17],
which uses smooth approximations to the max operator. Furthermore, Soft pooling [18] aims to preserve detailed
spatial information, while Maxfun pooling [19] selects features based on a learned maximization function. Lastly,
Ordinal pooling [20] introduces ranking-based weights to better capture feature significance across pooling regions.
These approaches collectively contribute to more expressive and flexible neural network architectures, particularly
beneficial in domains like medical imaging and fine-grained visual recognition where preserving subtle feature
differences is critical.

To address overfitting in neural networks, several advanced pooling strategies have been proposed. One such
approach is Mixed Pooling [7] and Hybrid Pooling [21], which aim to reduce overfitting by introducing randomness
into the pooling operation, this method combine both max pooling and average pooling by randomly selecting either
operation during training. The selection made during training is also retained during testing[9].

Another technique, Stochastic Pooling [22], addresses two key limitations: the down-weight effect of average
pooling and the overfitting tendency of max pooling. Instead of deterministically selecting a maximum or average
value, stochastic pooling randomly chooses an activation within each pooling region based on a probability
distribution derived from the activations themselves. This probabilistic selection helps avoid dominant activations
from skewing the learning process, which is especially important when training data is limited. To further
tackle the issue of dominant activations and overfitting in limited data scenarios, Rank-based Stochastic Pooling
[15] was introduced. This method selects activations based on their rank, thereby offering a more stable and
generalizable pooling behavior during training. While stochastic pooling selects a single activation from each
region, Max-Pooling Dropout [23] introduces an extension by randomly sampling a subset of activations from
each pooling region. Pooling (typically max) is then applied to this sampled subset rather than the entire region
[9]. Both stochastic pooling and max-pooling dropout rely on randomness and sample activations based on
multinomial distributions. All these methods introduce some form of stochasticity during the pooling stage to
enhance generalization. However, other strategies introduce randomness not in the pooling values, but in the spatial
sampling process. For example, S3 Pooling [24] and Fractional Max Pooling [25] incorporate stochasticity into
the spatial location selection process within the pooling window, further contributing to improved generalization
and robustness.

For images containing objects with varying poses, part-based pooling [26] is effective due to its ability to
detect and pool features from diverse object parts, which are then concatenated to form a comprehensive image
representation [9]. In scenarios involving rotated objects, Concentric Circle Pooling (CCP) [27] and Polycentric
Circle Pooling [28] offer robust solutions by addressing rotation variance in CNNs.

While many pooling methods focus on capturing global spatial structure, Geometric l,,-Norm pooling [26] targets
local structural information, providing a finer-grained representation [9].

Pooling can also model interactions between different feature maps and regions. Techniques like Improved
Bilinear Pooling [29] and Second-Order Pooling [30] preserve pairwise feature correlations for richer
representations.
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Additionally, self-attentive pooling [31] surpasses traditional local pooling by capturing complex, non-local
dependencies among features across activation maps.

The latest pooling were in using the concept of fuzzy first time in 2022 in Fuzzy pooling, later mixed max and
fuzzy pooling that show more accurate result later Intuitionistic pooling [32] is presented and show outperform
result by taking into consideration in real world the sum of membership and non membership is not necessarily
equal to one, then the hesitation function as added to deal with this case.

Overall, the evolution of pooling methods reflects a trade-off between computational efficiency, feature
extraction, and information retention. As deep learning architectures become increasingly complex and data large.

3. Neutrosophic Fuzzy Sets

In this section, we outline some fundamental definitions that are necessary to understand the research context and
the technical terms used throughout the paper.

Definition[ 1] Let the universal set X of discourse be fixed. A neutrosophic fuzzy sets (NFSs) A in X is defined
as an object of the form A = {< z,T4(xz),[a(z), Fa(x) > |z € X} where the functions T4 : X —]0~,17],
Ip:X —)0,1"[ and F4 : X —]0,17[ define truth, indeterminacy, and falsity membership functions of the
element x€ X respectively, and for every x€ X in A, 0~ < Ta(x) + Ia(x) + Fa(x) <37 .

Now, we will define SVNS equation, as SVNS provides more practical and efficient approach for applying
neutrosophic logic to real-world problems.

Definition[ 1] Let the universal set X of discourse(object) be fixed. A single-valued neutrosophic sets (SNFs)
A in X is defined as an object of the form A = {< z,T4(x),la(x), Fa(z) > |z € X} where the functions
Ty:X —]0,1], I4 : X —]0,1[ and F4 : X —]0, 1] define truth, indeterminacy, and falsity membership functions
of the element x& X respectively, and for every x€ X in A, 0 < Ta(z) + Ia(x) + Fa(z) < 3.

Definition A triangular single-valued neutrosophic number A=< (a,b,c); ua,va,pa > is a special type of

neutrosophic set on X is denoted as whose truth, indeterminacy, and falsity membership functions are illustrated 1,
which are defined as:

b— a:+(r a)vy b—z+(xz—a)pa

< (5= )ma , LI RRA > f a<z<b
< T Ta@), Fala) >= { < (=), 2oblennion sbiteiaion o i b<e<e ()
<0,1,1> otherwise

0 < Ta(x)+ Ia(z)+ Fa(z) < 3.

Definition [33] A triangular single-valued neutrosophic number of type 1 is a specific kind of neutrosophic set on
the real line, defined as A = (a1, by, ¢1, ag, ba, co, as, bs, c3). Where the truth, indeterminacy, and falsity membership
functions are illustrated in Figure2 and defined as follows:

p;f'__ail if a1 <pi; <b
T)={ 22 jf b<pl <o )
Otherwise
. <1l <o
I(w)=q Pl by < P < oo ®)
1 Otherwise
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Figure 1. Graph of single-valued triangular neutrosophic number.

b3—pl .
f;_a; if as < p;'; < bs

Flz)=q sk g bs < iy < e “)
1 Otherwise

4. Neutrosophic pooling method

In this section, we present and define our pooling method, which can be regarded as an extension of intuitionistic
fuzzy pooling. A single-valued triangular neutrosophic number is a special type of neutrosophic set whose truth,
indeterminacy, and falsity membership functions, respectively defined by:

1 if p';<a
bi—pl', .

Ti(z) =q 5=t if ay <pp;<b Q)
0 if pi'; <aj

Lz)=q Tt if oy <pp;<b) (6)
1 if pr'; > b
0 if pi; <af

Fy(x) = pzf/f:a? if af <pP; <y @)
1 if pr> by
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Figure 2. Graph of single-valued triangular neutrosophic number of type 1.
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Figure 3. Graphical Representation of a Single-Valued Triangular Neutrosophic Number (77, I1, F1).
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Figure 4. Graphical Representation of a Single-Valued Triangular Neutrosophic Number (7%, I2, F)

Where 0 < a; < as < by < by <ag < ¢y < bs defines the ordering of the coefficients, which can apply to both

the prime and second prime coefficients.
Figures 3, 4, and 5 illustrate the graphical representations of three single-valued triangular neutrosophic numbers.
Specifically, they correspond to (T3, I, Fy), (5, I2, F3), and (75, I3, F3), respectively. Each figure depicts the
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Figure 5. Graphical Representation of a Single-Valued Triangular Neutrosophic Number (73, I3, F3) .

variation of the truth, indeterminacy, and falsity membership functions, emphasizing the independent behavior
of these three components. The triangular shapes highlight the distribution of each membership degree over the
domain, where the peaks represent the maximum contribution of each component. Furthermore, the differences
between the three figures demonstrate how varying the parameters of (7,1, F) affects the representation of
uncertainty, allowing for flexible modeling of imprecision, inconsistency, and noise. This illustrates the advantage
of the neutrosophic framework in capturing complex and uncertain information compared to traditional fuzzy and
intuitionistic fuzzy representations.

Let z be the total number of batches, and p™ the patch at position n, of size k x k. For each real patch p”, n=1,...,z.
The three neutrosophic membership 77} . , 7 ; and 7} . for the z patches are defined as follow:

<Tu(p?,1)v L,(p’ll’l), Fu(p?,l» T <Tu(p711,k)a I,,(pik), Fu(p?,k»
(oo p) = (L"), L ("), Fu.(p")) = : . :
(To(pi 1), L(pi 1)s Fu(pi 1)) -+ <Tu(pZ7k),Iu(pZ,k),F»((ﬁZ),k)>

where v=1,2,3.
Lets S7'(p™) be the sum of the three membership function such that

(T,(P71) + L(PT 1) + Fu(pT1)) - (Tu(piy) + L(pT ) + Fu(pt )
Sy =T,(p") + L(p") + F.(p") = )
(To (P 1) + L(pi 1) + Fu(pi 1) - (Topig) + Lo(pig) + FApZ,,z)l)s)
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and P be the product of the three membership function exhibit as follows

(Tu(prll,l) # 1, (py ) * Fu(prll,l)) T (Tu(p?,k) * L,(p{ﬂk) * Fu(p?,k»
PJ(p") =T,(p") * L, (p")*F,(p") = : : ;
(Tv(pZJ) *Iu(Pﬁ,l) *Fu(PZ,l)) (Tu(pZ,k) *IV(PZ,k) *Fu(pz,k))
(16)
For each patch p" = (p?j)i, j=1,...k»=1,..., z, the output pool(p™), representing the “crisp” output associated

with the given membership function. This value is derived after applying neutrosophic processing to the input
batch.

k k
> > pisout(py)
i=1j=1

k k
> > out(py)

i=1j=1

pool(p") = (17)
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Figure 6. Graphical representation of the Neutrosophic pooling workflow.

Figure 6 depicts the step-by-step process of the Neutrosophic Pooling mechanism. It begins with a 3 x 3 patch
taken from a set of feature maps consisting of three filters. The figure outlines how each stage transforms the patch
using intuitionistic fuzzy logic principles, progressively refining the information to generate the final pooled result.
This schematic helps visualize the internal computation flow of the pooling method.

Before conducting our experiments, we first highlight the key differences between fuzzy pooling, intuitionistic
fuzzy pooling, and the proposed pooling method, as summarized in Table 1. Fuzzy pooling relies on a single
membership function to assign importance to each element. Intuitionistic fuzzy pooling (IFS) considers both
membership (truth) and non-membership (falsity) values and incorporates a hesitation function to handle cases
where the membership value does not precisely reflect the element; in IFS, the sum of truth and falsity is less than
or equal to 1. In contrast, neutrosophic pooling (NFS), can be viewed as an augmented extension of intuitionistic
fuzzy pooling, uses three independent components—truth (T), falsity (F), and indeterminacy (I)—which allow it
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to effectively handle noise and uncertainty; in NFS, the sum of the three components can be less than or equal
to 3(each component less or equal to 1).As a conclusion, neutrosophic pooling addresses a key limitation of
intuitionistic fuzzy pooling, where the sum of components is constrained to 1, the components are dependent
and the indeterminacy derived from membership and non-membership degrees. In neutrosophic pooling, all three
components—truth, falsity, and indeterminacy—are independent, enabling it to better handle real-world scenarios
and provide more flexible and robust treatment of uncertainty and noise.

Table 1. Comparison of Fuzzy, Intuitionistic Fuzzy, and Neutrosophic Fuzzy Pooling

Aspect Fuzzy Pooling Intuitionistic Neutrosophic
Fuzzy Pooling | Fuzzy Pooling
FS) (NFS)

Basic idea Weighted Aggregation Aggregation
aggregation using | using using truth (T),
membership membership indeterminacy (I),

(truth) and non- | and falsity (F)
membership
(falsity)

Components Single Two components: | Three
membership truth-membership | independent
function () (u) and falsity- | components:

membership () truth (T),

falsity (F), and
indeterminacy (I)

Handling indeterminacy / hesitation | Not handled Implicitly defined | Explicitly
asm=1—pu—v | handled via
independent
indeterminacy (I)
Summation constraints None wx)+vx) <1 | 0<T(x)+
F(z)+I(z) <3
Dependency N/A Components are | Components are

dependent due to | independent,

the sum constraint | allowing flexible
handling of noise
and uncertainty
Robustness to noise Low Moderate High

5. Datasets

This section describes the different datasets used to evaluate the proposed network and to compare its performance
with existing methods.

5.1. MNIST

The MNIST dataset 7, short for the Modified National Institute of Standards and Technology database, is a classic
benchmark in the field of machine learning, particularly for handwritten digit recognition. It consists of 70,000
grayscale images of handwritten digits ranging from 0 to 9, with each image sized at 28x28 pixels. The dataset
is divided into 60,000 training samples and 10,000 test samples, providing a rich resource for developing and
evaluating classification algorithms. MNIST is notable for its simplicity and accessibility, making it a popular
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choice for beginners and researchers alike. Its well-defined structure and the clarity of its digit representations
allow for straightforward comparisons of different machine learning models, serving as a foundational dataset in
the study of neural networks and image processing.

0000006008000 000
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Figure 7. Examples images of 10 classes of MNIST .
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5.2. cifar-10

The CIFAR-10 dataset8 is a widely used benchmark in the field of machine learning and computer vision,
consisting of 60,000 32x32 color images categorized into 10 distinct classes. These classes include airplane,
automobile, bird, cat, deer, dog, frog, horse, ship, and truck, with each class containing 6,000 images. The dataset
is divided into 50,000 training images and 10,000 test images, making it ideal for evaluating the performance of
various machine learning models, particularly convolutional neural networks (CNNs). Due to its relatively small
size and diverse set of images, CIFAR-10 serves as a foundational dataset for researchers and practitioners to test
algorithms and develop new techniques in image classification and recognition tasks.

5.3. STL10

The STL10 dataset [34] is a challenging image classification benchmark consisting of 96x96 pixel color images
from 10 different classes, such as airplane, bird, cat, deer, and others . It contains a total of 13,000 labeled images,
with 5,000 images used for training and 8,000 for testing. Inspired by the CIFAR-10 dataset, STL10 includes
several improvements Figure 9. Unlike simpler datasets such as MNIST or CIFAR-10, STL10 provides fewer
labeled training samples per class (only 500), while the images are more complex—featuring higher resolution and
greater intra-class variability—which increases the difficulty of the classification task.
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Figure 8. Examples images of 10 classes of CIFAR-10 .

6. Experimentation and results

RS e

11

This section focuses on the experiment and comparison of Neutrosophic Fuzzy Pooling with different pooling
methods across various datasets to highlight the differences and strengths of Neutrosophic Fuzzy Pooling

compared to other pooling methods in in feature extraction and information preservation.

All the data are normalized within the interval [0, Ry,.x], where Ry,.x = 6, using the ReLUG6 function defined as

ReLU6(z) = min(max(0, z),6).

Rmax =6
R R
1 — max b// — max
“ 10 9

a _ RmaX + a’_/, b RmaX b_”
10 10 9 10
R a R b
/ max @ b/ _ ‘tmax v
“= 0 T 9 10

Stat., Optim. Inf. Comput.

Vol. x, Month 202x



12

NEUTRO-FUP

o B gy s 08
C2 = %, 5 = erax + c2
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All parameters are initialized randomly in accordance with the constraints specified in Section 4 and subsequently

updated iteratively during the training process.

By comparing different pooling strategies under controlled conditions, this experiment aims to provide insights into
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H Methodology Accuracy Precision Recall F1 score H
Max Pooling (%) 98.30 98.30 98.29 98.29
Average pooling (%) 98.38 98.37 98.36 98.37
Soft Pooling (%) 98.30 98.30 98.30  98.30
Fuzzy pooling (%) 98.43 98.42 98.42 98.42
Neutrosophic Fuzzy pooling (%) 98.48 98.47 98.47 98.47

Table 2. Comparison results of 5 types of pooling on MNIST dataset.

how pooling choices influence feature representation, learning dynamics, and overall classification effectiveness in
CNNGs.

In our experiment, we first employed the MNIST dataset with simple architecture model to systematically
compare the performance of several pooling techniques. These techniques include Max Pooling, Average Pooling,
Fuzzy Pooling, and Neutrosophic Pooling. Each pooling method was implemented to evaluate its effectiveness in
feature extraction and overall model performance.

The base CNN architecture consists of a single convolutional layer followed by a pooling operation, feature
flattening, and a fully connected output layer for classification. This structure is deliberately kept simple
to isolate the effects of the pooling method on model performance. All other architectural and training
components—including the number of filters, activation functions, optimizer, and training schedule—are held
constant across experiments to ensure fair comparisons.

The model is trained and evaluated on the MNIST dataset, a widely used benchmark for handwritten digit
classification. Training is conducted over a fixed number of epochs (50 epochs) using the Adam optimizer and
a negative log-likelihood loss function. Performance is assessed using standard classification metrics such as
accuracy, precision, recall, and F1 score. These metrics provide a comprehensive evaluation of the model’s ability
to generalize across all classes.

Table 2 presents a comparative analysis of five different pooling strategies—Max Pooling, Average Pooling, Soft
Pooling, Fuzzy Pooling, and Neutrosophic Fuzzy Pooling—applied to a consistent CNN architecture and evaluated
on the MNIST dataset. The performance metrics considered include Accuracy, Precision, Recall, and F1 score, all
expressed as percentages.

The results show that Neutrosophic Fuzzy Pooling achieves the best overall performance, with an accuracy of
98.48 % and the highest scores in precision, recall, and F1 score (all at 98.47%). This indicates the effectiveness of
integrating neutrosophic logic into the pooling process, enabling more nuanced feature aggregation and improved
generalization.

Fuzzy Pooling also performs well, with an accuracy of 98.43% and consistent values for the other metrics
(98.42%), demonstrating that fuzzy logic alone can enhance the pooling operation beyond traditional methods.

Average Pooling achieves slightly better performance than Max Pooling, with an accuracy of 98.38 % compared
to 98.30%, and shows similarly small gains across precision, recall, and F1 score. This suggests that average
pooling may provide a more balanced summary of features than max pooling in this context.

Overall, the results indicate that advanced pooling strategies—particularly those incorporating fuzzy and
neutrosophic logic—can provide measurable improvements in classification performance. These improvements,
though numerically modest, can be significant in high-precision applications or tasks requiring enhanced robustness
and interpretability.

In this second experiment, a custom deep convolutional neural network was developed using PyTorch. The model
comprises three convolutional blocks using Batch Normalization, ReLU activations, and Average Pooling layers,
followed by two fully connected layers with a dropout mechanism to reduce overfitting. The STL10 images were
resized to 96x96 pixels and normalized. For data loading, the training set was passed to a Datal.oader with a batch
size of 64, shuffling enabled, and configured with 2 worker threads and pinned memory for efficient GPU transfer.
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The test set used a batch size of 128 and the same threading and memory settings, but without shuffling. First
Block: A 3x3 convolution with 32 filters and padding of 1, followed by batch normalization, ReLU activation, and
2x2 pooling, reducing the resolution from 96x96 to 48x48.

Second Block: A 3x3 convolution with 64 filters, batch normalization, ReLU, and 2x2 pooling, reducing the
resolution to 24x24.

Third Block: A 3x3 convolution with 128 filters, batch normalization, ReLLU, and 2x2 pooling, reducing the
resolution to 12x12. Training was carried out for 20 epochs using the Adam optimizer with a learning rate of
0.001. After each epoch, model performance was evaluated using accuracy, precision, recall, and F1 score on
the test set. These metrics highlighted the model’s robustness in handling high-resolution and limited-label image
classification tasks.

H Methodology Accuracy Precision Recall F1 score H
Max Pooling (%) 59.80 59.44 59.80 57.62
Average pooling (%) 61.61 62.30 61.61 61.30
Soft Pooling (%) 62.85 63.04 62.85 62.51
Fuzzy pooling (%) 61.50 62.23 61.50 61.29
Neutrosophic Fuzzy pooling (%) 64.15 65.02 64.15 64.39

Table 3. Comparison results of 5 types of pooling on STL10 dataset (20 epoch).

Among the five pooling methods evaluated on the STL10 dataset over 20 epochs table 3, Neutrosophic Fuzzy
Pooling achieved the best overall performance. It outperformed all other methods in terms of accuracy (64.15%),
precision (65.02%), recall (64.15%), and F1-score (64.39%). This indicates that incorporating neutrosophic logic
into the fuzzy pooling framework significantly enhances the model’s ability to generalize and capture more
discriminative features.

In contrast, Max Pooling, the most basic technique, yielded the lowest performance across all metrics, suggesting
that it may discard too much information. Soft Pooling and Average Pooling offered moderate improvements,
while Fuzzy Pooling showed slightly better performance than Average Pooling but was still outperformed by
Soft Pooling and Neutrosophic Fuzzy Pooling. Despite these promising results, the proposed Neutrosophic Fuzzy
Pooling introduces a slightly higher computational cost compared to standard pooling methods and involves a
larger number of parameters, which may increase model complexity.

The third experiment, focuses on the ResNet18 architecture applied to the CIFAR-10 dataset. The network is
based on a deep residual learning framework composed of an initial 7x7 convolutional layer followed by batch
normalization, ReL.U activation, and pooling layer. It then consists of four residual stages built using BasicBlock
structures, which progressively extract hierarchical feature representations. The final classification is performed
using global average pooling followed by a fully connected layer. For this experiment, the pooling strategies were
evaluated under identical training conditions using the Adam optimizer and cross-entropy loss.

Methodology Accuracy (%) Precision (%) Recall (%) F1 score (%) Loss
Best Results
Average Pooling 76.45 76.72 76.45 76.49 0.0121
Fuzzy Pooling 75.19 75.42 75.19 75.27 0.0133
Neutrosophic Fuzzy Pooling 76.75 76.62 76.75 76.65 0.0113
Mean Results
Average Pooling 74.62 74.87 74.62 74.58 0.1069
Fuzzy Pooling 73.23 73.51 73.23 73.19 0.1170
Neutrosophic Fuzzy Pooling 74.89 75.12 74.89 74.85 0.1066

Table 4. Comparison of pooling methods: best and mean performance results.
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The results in Table 4 clearly highlight the effectiveness of Neutrosophic Fuzzy Pooling, which consistently
achieves the best performance across all evaluation metrics in both the best and mean scenarios. This method
slightly but systematically surpasses Average Pooling in terms of accuracy, precision, recall, F1-score, and loss,
demonstrating its ability to better capture and represent informative features. The improvement can be attributed
to its capacity to handle uncertainty and indeterminacy more effectively than conventional approaches, leading to
more robust learning. In contrast, while Fuzzy Pooling provides reasonable results, its performance remains lower.
This suggests that its efficiency is highly dependent on precise parameter selection; without careful tuning, it may
not fully exploit its potential. Overall, Neutrosophic Fuzzy Pooling shows greater stability and reliability, making
it a more suitable choice for achieving consistent and improved performance.

Methodology Accuracy (%) Precision (%) Recall (%) Fl1 score (%) Loss
Best Results

Avg Pooling 65.64 67.23 65.64 65.84 0.0743

Soft Pooling 66.16 68.18 66.16 66.45 0.0760

Max Pooling 65.20 67.40 65.20 65.55 0.0759

Fuzzy Pooling 64.77 67.65 64.97 65.41 0.0749

Neutrosophic Fuzzy Pooling 66.24 67.11 66.24 66.28 0.0755
Mean Results

Avg Pooling 63.07 64.76 63.07 63.29 0.2936

Soft Pooling 63.15 65.29 64.06 63.30 0.2886

Max Pooling 62.69 65.00 62.69 63.01 0.2960

Fuzzy Pooling 62.24 63.96 62.24 62.24 0.985

Neutrosophic Fuzzy Pooling 63.16 64.78 63.16 63.32 0.2911

Table 5. Best and mean performance metrics of different pooling methods on CIFAR-10 with Gaussian noise (o = 0.3).

On CIFAR-10 with Gaussian noise corruption (o = 0.3), the experimental results demonstrate that the proposed
Neutrosophic Fuzzy Pooling remains competitive under highly noisy conditions. As shown in Table 5, the proposed
method achieved the highest best accuracy of 66.24% and the highest F1-score of 66.28%, indicating a better
balance between precision and recall compared with conventional pooling strategies. Although Soft Pooling
obtained the highest precision value (68.18%), its overall classification balance remained slightly lower than the
proposed approach in terms of F1-score.

The mean results across all epochs further confirm the robustness of the proposed pooling mechanism.
Neutrosophic Fuzzy Pooling obtained the best mean accuracy (63.16%) and mean Fl-score (63.32%),
outperforming Average Pooling and Max Pooling under noisy conditions. These improvements suggest that
incorporating neutrosophic representations helps preserve discriminative information while reducing the negative
impact of noise propagation through the network.

Moreover, Max Pooling exhibited the lowest mean performance, which may be explained by its sensitivity to
noisy activations, as the maximum operation can amplify corrupted responses. Average Pooling produced more
stable behavior but tended to smooth important discriminative features. Soft Pooling improved robustness by
weighting activations continuously; however, the proposed Neutrosophic Fuzzy Pooling achieved superior overall
consistency by integrating truth, indeterminacy, and falsity information during feature aggregation.

Overall, these results indicate that the proposed pooling strategy is more resilient to severe Gaussian
perturbations and can provide more stable feature extraction in noisy image classification scenarios.

T, I, F are called neutrosophic components. Remarkably, in the same NFS one can have elements that have
paraconsistent information (sum of components > 1), others incomplete information (sum of components < 1),
others consistent information (in the case when the sum of components = 1), and others components with interval
values (without restriction on their superior or inferior sums).
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Future work: In future research, genetic algorithms will be explored as a parameter optimization strategy for the
proposed neutrosophic pooling method. By enabling automatic selection of optimal parameter configurations, this
approach has the potential to improve accuracy, robustness, and generalization while reducing reliance on manual
tuning.

7. Conclusion

In this paper, we have introduced a novel pooling operation for Convolutional Neural Networks based on
Neutrosophic Fuzzy Sets (NFSs), aiming to explicitly account for the degree of indeterminacy—an aspect often
overlooked in classical, fuzzy, and intuitionist fuzzy pooling schemes. Unlike intuitionist fuzzy sets, which restrict
the indeterminacy to the complement of membership and non-membership degrees, the proposed approach allows
for an independent treatment of uncertainty, thus offering a more expressive and robust representation of feature
map imprecision. Moreover, unlike Soft Pooling, which relies on weighted averaging to preserve dominant
activations and does not explicitly capture uncertainty, the proposed Neutrosophic Fuzzy Pooling method models
truth, indeterminacy, and falsity components, enabling richer feature representations and improved robustness in
noisy or ambiguous scenarios.

Our proposed NFS-based pooling layer integrates seamlessly into existing CNN architectures and operates
through a four-step process: bi-fuzzification, two-stage aggregation, and defuzzification. Extensive experiments
across diverse image classification tasks confirm the effectiveness of this approach. Notably, the neutrosophic
pooling layer consistently outperforms traditional pooling methods, including recent state-of-the-art models,
particularly in environments characterized by uncertainty and noise.

These promising results demonstrate that incorporating explicit modeling of indeterminacy into CNN pooling
operations can lead to significant gains in robustness and accuracy. Future work may explore the integration of
NFS pooling into other neural architectures and its application to broader tasks such as object detection, semantic
segmentation, and adversarial learning.
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