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ABSTRACT

In automatic image recognition and classification tasks, convolutional neural networks (CNN)
are widely used, in which pooling operations play an important role in aggregating and
highlighting image feature characteristics. This paper proposes a fuzzy logic based pooling
method that integrates minimum, average, and maximum feature responses through a simple
Takagi—Sugeno inference mechanism. Unlike conventional pooling methods, the proposed
approach explicitly models uncertainty in feature aggregation, enabling a better balance between
salient local features and contextual in order to preserve important image information. The
effectiveness of the proposed method is evaluated on MNIST and CIFAR-10 datasets. Experimental
results demonstrate that the proposed fuzzy pooling method achieves superior classification
performance compared to conventional pooling methods, while maintaining comparable
computational complexity. This enables the method to be effectively applied in CNN based image
classification tasks.
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1. INTRODUCTION

For decades, Artificial Neural Networks (ANNs) have been widely applied across numerous
fields, including engineering, audio processing, image processing, medicine, disease diagnosis,
and personal assistants. ANNs are computational systems that simulate biological neural networks,
capable of seeking optimal solutions for a variety of problems, such as speech translation [1, 2],
computer vision [3], and optimization [4]. Owing to their multi-layer architecture, ANNs can
effectively remove noise, automatically learn intricate features, and efficiently handle highly
nonlinear problems. The advancement of Graphics Processing Units (GPUs) has significantly
accelerated the development of Deep Learning (DL), enabling the construction of networks with
complex architectures through efficient parallel processing. DL has demonstrated its efficacy in
numerous applications, particularly in classification tasks [5, 6]. Among these, the Convolutional
Neural Network (CNN) stands out as one of the most prevalent architectures, employed in
classification, object segmentation, image processing, natural language processing, and support
systems. A CNN comprises several layers, such as convolutional, ReLU, pooling, and fully
connected layers, allowing the network to automatically learn spatial features through the
backpropagation process [7-10]. Several studies have proposed combining traditional pooling
methods, such as max pooling and average pooling, to enhance CNN performance. A blending
approach with a mixing ratio parameter was presented in [11], while soft pooling techniques based
on the combination of these two methods were investigated in [12]. However, previous approaches
have predominantly focused on blending pooling techniques without considering the uncertainty
inherent in feature information, nor the minimum values of the features in the convolutional layer
output. Some research has integrated fuzzy logic with neural networks, for instance, by employing
fuzzy inference in the pooling layer or combining it with deep networks for image reconstruction
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[13, 14]. This paper proposes a fuzzy pooling method that combines max pooling and average
pooling based on fuzzy logic to improve CNN performance. The method utilizes the max, min,
and average values of features to address uncertainty during the information extraction process
and is evaluated on the MNIST and CIFAR-10 benchmark datasets. The main contributions
include: proposing a novel pooling method for CNNs; applying fuzzy inference to enhance feature
exploitation capabilities; evaluating its effectiveness on standard datasets; and maintaining the
advantages of simplicity, speed, and low computational cost compared to traditional approaches.
This study focuses on analyzing the impact of integrating fuzzy logic into pooling under controlled
conditions, rather than aiming for the highest performance on complex models. The rest of this
paper is constructed as follows. Introduction is presented in Section 1. Conventional pooling
methods, such as average pooling, max pooling, and the proposed fuzzy combined pooling
operation, are introduced in Section 2. In Section 3, the experiments, comparisons and discussions
are implemented with classification problems using CNN on publicly available datasets i.e.
MNIST and CIFAR-10 datasets. Finally, the conclusions are summarized in Section 4.

2. PROBLEM

2.1. Conventional pooling operations

Max pooling and average pooling are the two most popular conventional pooling forms in
applications of CNNs. Max pooling method is implemented by taking the maximum value of a
pooling spatial region and selecting the maximum value of a pooling spatial region for the received
condensed feature maps. The max pooling function can be expressed as follows:

.= ma .
w = Max (ay, ) (1)

a

While average pooling method involves calculating the average value of a pooling region and
selecting the average value of a pooling region for the condensed feature map. The average pooling
function can be shown by the following expression'
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Figure 1. lllustration of the drawbacks of max pooling (a) and average pooling (b).
Both max and average pooling are efficient and simple methods widely used in many
applications. However, as discussed in Section 1, they also have limitations: max pooling may
overemphasize isolated high responses while discarding useful information, whereas average
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pooling may smooth out important local features. These shortcomings are illustrated in Figure 1.
Depending on the spatial distribution of activations within a pooling region, max pooling may
discard relevant structural details when less informative responses exhibit higher intensity than the
truly meaningful features. Conversely, average pooling can suppress important local patterns by
uniformly averaging activations, particularly when low magnitude responses dominate the pooling
region. These limitations motivate the need for an adaptive pooling mechanism that can balance
extreme and contextual feature responses. In the following, we propose a fuzzy logic based pooling
method built upon an inference mechanism that optimally combines the maximum, minimum, and
average feature responses.
2.2. Fuzzy combined pooling operation

Max pooling effectively preserves strong local activations, such as edges and corner-like
structures, which correspond to salient low level image features. However, it may overemphasize
isolated responses while neglecting surrounding contextual information. In contrast, average
pooling aggregates all activations within a local region, producing smoother feature
representations but potentially suppressing discriminative details. Motivated by the
complementary properties of these two operations, we propose a pooling method that integrates
max and average pooling through fuzzy inference. Figure 2 illustrates the integration of the
proposed fuzzy pooling into a CNN architecture. By adaptively combining sharp and smooth
feature responses, the fuzzy pooling layer replaces the conventional pooling layer without
modifying other components of the network, enabling balanced feature aggregation.

S —) —_— —_— —_— —_—
_ g ) Output

Input Image Convolutional layer  Fuzzy pooling layer  Fully connected layer Classifier

Max pooling
Fuzzy inference
Average pooling
Figure 2. Architecture of a CNN with the fuzzy combined pooling operation.

Consider a set of feature maps £” with a dimension of wx A, which stands for a input volume
wxhxd and S ={ g m=1, 2,...,d}. The proposed pooling method is sampled by a pooling
window of size f x f with stride s . The number of spatial patches p™ can be extricated from
feature maps S" with p= { plim=12,..,d } . The number of patches ps which are received from
an input volume £ can be written as:

s = w—=f+2z )h—f+2z)
2s+2
where z =(s—1)(w—s+f)/2 and z, =(s—1)(h—s+ f)/2 present the zero-padding which is

utilized in the patch extrication process on the width and height axis, respectively, of the input
feature maps.

; 3)

For an element py; (i, = I,_f; k=1,ps/d) of patches ps, values of min, max and average

will be considered by pooling methods, respectively. Then two fuzzy sets X, , X, with membership
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functions g, u, are utilized to combine the received min, max and average values. The

membership functions of fuzzy sets, which are utilized for the fuzzification of the patches, can be
chosen as follows:

1 if x<cy;
! <
#(x) = ﬁ(x %) if ¢ <x<ay; “4)
kij kij

m

0 if x>ay;

b m
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My (x)= - (x c,dj) if ¢ <x<a;. (5)

. m

1 if x>a;;

Where ¢ and a,; are min and max pooling function, respectively; x= 4 is the average

pooling function, which presents the input of fuzzy inferences. The selection of linear membership
functions in this paper is motivated by their simplicity, interpretability, and low computational
cost. Linear functions allow efficient implementation within CNN architectures without
introducing additional complex parameters. Although nonlinear membership functions such as
Gaussian or sigmoid may provide higher flexibility in modeling uncertainty, they typically require
additional parameter tuning and increase computational overhead.

Fuzzy inferences of the proposed fuzzy pooling can be considered by the rules of Takagi-
Sugeno model:

R1: If the input x is X, then the outputis py; = 4;;

kij >
R2: If the input x is X, then the outputis p;; = a;; .

The fuzzy inference system is deliberately designed with linear membership functions to ensure
simplicity, interpretability, and computational efficiency. The fuzzy rules adaptively balance
minimum, average, and maximum statistics based on local activation distributions, enabling
smooth transitions between pooling behaviors.
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Figure 3. lllustration of the proposed fuzzy pooling.
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Using the center of gravity for defuzzification the output values of the proposed fuzzy pooling
can be expressed as follows:

. h]A”’ +hay;
Fr = , (6)
h +h,
where A = 1,(4;) and h, = p,(4;;) are the membership functions of the k —th fuzzy set.

Figure 3 provides a visual comparison of the proposed fuzzy pooling method with max and
average pooling. In this illustration, the average value of a feature patch is used as input to the
fuzzy system, while the minimum and maximum values define the membership functions. Through
fuzzy inference, the method adaptively combines the average and maximum pooling outputs,
enabling smooth transitions between different pooling behaviors and effectively capturing both
salient and contextual features.

The proposed fuzzy pooling method provides a balanced mechanism for feature aggregation by
combining the strengths of conventional pooling operations. Specifically, max pooling is effective
in preserving strong local activations but may ignore contextual information, whereas average
pooling captures global context but may suppress discriminative features. By incorporating fuzzy
inference, the proposed method adaptively adjusts the contribution of these pooling strategies
based on the distribution of feature values. This enables a more flexible representation that
preserves both salient and contextual information, which is beneficial for classification tasks.

3. RESULTS AND DISCUSSION

To evaluate the effectiveness of the proposed fuzzy combined pooling method, image
classification experiments were conducted on standard datasets. The CNN models employed the
same architecture, only varying the pooling methods, including max pooling, average pooling, and
fuzzy pooling. The models were built using the Keras Sequential API, trained on an NVIDIA
GTX1650 GPU with the Adam optimizer, categorical cross-entropy loss function, a batch size of
128, and a fixed number of epochs. No additional regularization techniques were applied in order
to ensure fair comparison and reproducibility among the methods.

3.1. MNIST classification

The MNIST dataset is a typical dataset of handwritten images, which serves as the basis for
standard machine leaning algorithms. The MNIST dataset is very appropriate for training and
testing machine learning algorithms on real-world data. The MNIST dataset consists of a set of
handwritten images of 60000 training data and 10000 testing data which have size of 28x28 in
different dimension. Convolutional Neural Networks were utilized for recognition with MNIST
dataset in some previously researches [10, 17]. There are different CNN models for classification
on the MNIST dataset. In this paper, we construct a custom CNN for MNIST classification, as
depicted in Figure 4, where the proposed fuzzy pooling method replaces the conventional pooling
layers. The proposed CNN architecture for classification on MNIST dataset in this paper is
constructed including a total of 8 layers. The first layer of the proposed model for MNIST
classification is the convolution layer, which uses 64 kernels in 3%3 dimensions. Subsampling
process in the second layer is implemented by the pooling layer with size of 2x2. The convolution
layer in the third layer contains 128 kernels in 3x3 dimensions. In the fourth layer, the pooling
layer is utilized with subsampling process in size of 2x2. The fifth and sixth layers continue to be
constructed from layers of convolution with 256 kernels in 3%3 sizes and following a 2x2-
dimension pooling layer. Two dense layers are built in final layers of the model where the
"softmax" activation functions are utilized output classification distribution of probability for each
class. Before feeding the data into the dense layers, the output of the pooling layer is flattened to
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combine all the found local characteristics in the previous convolutional layers and convert the
received feature maps into a single 1D vector, which is needed to use fully connected layers after
some convolutional and pooling layers. In convolution layers, "ReLU" activation functions are
utilized to add nonlinearity to the network.

Different pooling methods, such as Max, Average and fuzzy, are arranged in the pooling layers
of the model in Figure 4 to evaluate the performance of the proposed fuzzy pooling method.

Output

Flattenning  Fully connected

Figure 4. Architecture of CNN model for the MNIST handwritten digit classification problem.

Experimental results were obtained over 40 epochs. The training loss curves for different
pooling methods on the MNIST dataset are presented in Figure 5. It can be observed that the
proposed fuzzy pooling converges faster and achieves a lower final loss compared to max and
average pooling, indicating more effective learning of discriminative features on this relatively
simple dataset. Table 1 reports the classification performance of conventional and alternative
pooling methods in terms of accuracy, precision, recall, and F1 score. The proposed fuzzy pooling
method outperforms both max and average pooling across all metrics. This improvement can be
attributed to the fuzzy mechanism's ability to preserve strong local features while maintaining
contextual information. In particular, the higher F1 score demonstrates a better balance between
precision and recall, indicating that the model produces more reliable and discriminative
classification results.

Table 1. Classification performance of the proposed CNN architecture
with the MNIST dataset using different pooling methods.

Classification performance (%) of the proposed CNN models
Method Py
Accuracy Precision Recall F1-Score
Max pooling 98.09 97.84 97.19 98.13
Average pooling 97.4 97.41 96.16 96.27
Proposed pooling 99.42 98.89 97.65 99.43
0.7
— Max Pooling

06 F II Avrage Pooling
1 Proposed Pooling

05F |

Loss

Epochs
Figure 5. Training loss with the MNIST dataset.
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3.2. CIFAR-10 classification

The CIFAR-10 dataset is one of the typical sample sets for machine learning algorithms in the
Tiny Images dataset. This dataset consists of 60000 32x32 color images containing one of the 10
object classes, with 6000 RGB color images for each class, in which the ratio of 5:1 is chosen for
training and testing purposes. The dataset is organized into five training batches and one testing
batch with 10000 images in each batch. In each training batch, 1000 images are randomly selected
for the testing batch. The training batches are also randomly selected from the remaining images.

For the CIFAR-10 classification, a CNN model with 12 layers is utilized with different pooling
methods. The model contains four convolutional layers in 1, 2, 4, 5, 7, 8-th layers with 32, 32, 64,
64, 128, 128 convolution kernels, which have a kernel size of 3x3. Three pooling operations are
implemented in 3, 6 and 9-th layers using different methods, such as max pooling, average pooling
or proposed fuzzy pooling. The CNN model for CIFAR-10 classification is shown in Figure 6,
demonstrating that the proposed pooling method can be effectively integrated into deeper
architectures. Experimental results were obtained over 50 epochs, and the training loss curves for
different pooling methods are presented in Figure 7. It can be observed that the proposed fuzzy
pooling achieves a more stable convergence behavior and slightly lower final loss compared to
max and average pooling. This indicates that the method enhances learning stability and improves
feature representation in more complex classification tasks such as CIFAR-10. The classification
results of the pooling methods are presented in Table 2. The proposed fuzzy combined pooling
method demonstrates superior performance compared to traditional pooling methods in terms of
accuracy, precision, recall, and F1-Score.
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Figure 6. Architecture of CNN model for image classification with CIFAR-10 dataset.
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Figure 7. Training loss with the CIFAR-10 dataset.

Table 2. Classification performance of the proposed CNN architecture
with the CIFAR-10 dataset using different pooling methods.
Classification performance (%) of the proposed CNN models

Method Accuracy Precision Recall F1-Score
Max pooling 75.23 83.13 69.61 75.95
Average pooling 78.16 85.81 72.36 77.08
Proposed pooling 79.71 87.02 75.39 78.52
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In addition to classification performance, the computational cost of the proposed fuzzy pooling
method was analyzed. Compared to conventional max and average pooling, the method introduces
additional operations, including evaluation of linear membership functions and Sugeno fuzzy
inference for weighted averaging. Although these operations slightly increase computational
complexity and training time, the use of simple linear membership functions and straightforward
Sugeno rules keeps the overhead minimal and acceptable. Experiments conducted on the same
hardware configuration indicate that training time remains comparable to traditional pooling
methods, demonstrating the practical efficiency of the proposed approach. For practical
implementation, the proposed fuzzy pooling can be integrated as a custom layer in popular deep
learning frameworks such as Keras or PyTorch. This integration does not require modifications to
the overall CNN architecture, allowing direct application to existing models. The combination of
low computational overhead and enhanced feature aggregation makes the method suitable for real-
world applications, including image classification, and real-time processing tasks.

4. CONCLUSIONS

In this paper, an alternative fuzzy combined pooling method for CNN architectures is presented
by combination of traditional pooling methods such as max and average using fuzzy logic
inference. Experiments conducted on publicly available typical datasets have shown the
advantages of the proposed alternative fuzzy combined pooling method, which significantly
increases the classification performance of CNNs. Using the fuzzy pooling methods makes CNNs
possible to overcome the disadvantages of conventional pooling methods, such as the removal of
details from an image or the dilution of pertinent details from an image. Fuzzy inference allows
combining low-level features from the data of images as edges or points when using the max
pooling method, with the smooth features presented in the impact region covered by the feature
maps in the average pooling method. However, analyzing the influence of parameters in using
fuzzy inference has not been mentioned in the paper and it is also a future work to improve the
performance of the fuzzy inference for pooling operation in CNNs.
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TOM TAT
Cii thién hiéu ning mang no ron tich chip bang phwong phap gop duwa trén logic mo

Trong cdc bai toan nhdn dang va phan logi anh tw dong, mang no ron tich chap (CNN)
dwoc sir dung rong rai, trong dé phép gop (pooling) dong vai tro quan trong trong viéc tong
hop va lam noi cac dic trung div liéu dnh. Bai bdo nay dé xuat mot phuong phdp gop
(pooling) dyea trén logic mo, tich hop cdc phan héi ddc tring toi thiéu, trung binh va toi da
théng qua mét co ché suy ludgn Takagi Sugeno don gian. Khdc véi cdc phirong phdp gép
truyén thong, cach tiép cdn dwoc dé xudt mé hinh héa mot cach twong minh tinh bat dinh
trong qud trinh tong hop ddc trung, tir @6 cho phép dat dwoc sw cdn bang tot hon giita cdc
ddc trung cuc bg néi bdt va ngit canh, nham bdo toan théng tin quan trong cia anh. Hiéu
qua cua phwong phap dwoc danh gia trén cac bo dit liéu MNIST va CIFAR-10. Két qua thuc
nghiém cho thdy phwong phdp gop mo duwoc dae xuat dat hiéu qua phan logi vuirot troi so voi
cdc phiwong phdp gop truyén thong, dong thoi van duy tri dg phirc tap tinh todn twong
dwong. Phwong phdp ciia bai bdo ¢ thé dp dung hiéu qud trong cdc bdi todn phan loai dnh
dva trén mang no ron tich chap.

Tiwr khoa: CNN; Hoc sau; Logic mo; Lop gdp; Phan 16p.
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