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Background: Deep learning models are currently at the forefront of machine learning. Researchers have proposed
and used various deep-learning models. In this research, our primary objective is to introduce a next-generation
convolutional neural network inspired by the Fibonacci sequence.

Materials and Methods: We utilized a public Alzheimer’s disorder (AD) magnetic resonance imaging (MRI) dataset
for this model. This dataset is divided into four categories and includes both augmented and original versions. To
detect the AD type, we proposed a new lightweight Fibonacci network, incorporating the structure of ConvNeXt.
We also integrated attention and concatenation layers. As a result, we named the proposed convolutional neural
network FiboNeXt. The primary goal of FiboNeXt is to achieve high classification capability with fewer trainable
parameters, making it a competitive CNN.

Results: The proposed FiboNeXt model was tested on two open-access MRI image datasets comprising both
augmented and original versions. The augmented versions were utilized for training, while the original dataset
was used for testing. The model achieved 95.40% and 95.93% validation accuracies for the first and second
datasets, respectively. Furthermore, it attained test accuracies of 99.66% and 99.63% on the two utilized AD MR
image datasets, respectively.

Conclusions: The results and findings unequivocally demonstrate that FiboNeXt is a potent deep-learning model.
It holds the potential for addressing other computer vision challenges.

1. Introduction

Dementia encompasses symptoms typified by cognitive decline,
originating from various neurologically compromising diseases and in-
juries [1,2]. Globally, over 55 million individuals struggle with de-
mentia, with 60 % of these cases found in low-to-middle-income
countries [3,4]. Annually, around 10 million new instances emerge.
Key identifiers include memory lapses, linguistic challenges, directional
disorientation, mood, and personality shifts. Alzheimer’s Disease (AD)
stands as the predominant causal factor, representing 60-70 % of cases
[4]. It emerges from a confluence of genetic, lifestyle, and environ-
mental determinants characterized by systematic neuronal degradation
[5]. This disorder impairs memory, cognition, and behavioral patterns.
Though typically manifesting post-65, early-onset cases are not un-
common [6,7]. While neuropsychological assessments, imaging, and
physical evaluations offer preliminary diagnosis, conclusive confirma-
tion often necessitates post-mortem cerebral tissue analysis [8,9].

Presently, no curative or reversive treatments for AD exist; however,
current interventions can mitigate symptoms or decelerate disease
progression [10].

Recognizing AD at its inception remains paramount [11]. Numerous
machine learning methodologies have emerged for this preemptive
diagnosis, providing diagnostic support and augmenting specialist con-
sultations [12-15]. This paper introduces a novel machine-learning
approach for early AD detection, elaborated in subsequent sections. In
this context, this paper introduces a novel machine-learning approach
tailored for early AD detection, poised to contribute to the ongoing ef-
forts in advancing diagnostic capabilities and improving patient care.
Leveraging cutting-edge technology and innovative methodologies, this
approach holds promise in transforming the landscape of dementia
diagnosis and management, ultimately fostering better outcomes for
individuals affected by this debilitating condition and their families.
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1.1. Literature review

Various machine-learning techniques have been developed in the
literature to diagnose many diseases. A brief literature summary for AD
is presented in Table 1.

MCI: Mild Cognitive Impairment; HC: healthy controls; CNN: con-
volutional neural networks; SVM:support vector machine; MLP:Multi-
Layer Perceptron; kNN: k-nearest neighbour.

MildD: Mild demented; Moderate demented:ModD; VMD: Very mild
demented.
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From our review of the literature, we identified several gaps, which
are listed below:

- Despite the success of CNNs in medical image analysis, research is
scarce exploring the potential of sequence-inspired architectures,
such as those based on the Fibonacci sequence, in enhancing model
performance and efficiency. The unique properties of the Fibonacci
sequence, such as its inherent scalability and efficiency in repre-
senting natural phenomena, have not been fully leveraged in the
design of deep learning models for AD classification.

Table 1
Literature review.
Study Method Classifier Data Split ratio Class The result(s)  Limitations
%
Illakiya et al. Adaptive Hybrid Softmax ADNI dataset 60:20:20 3 classes (AD, Accuracy: There are only three classes.
[16] Attention Network MCI, HC) 98.53
De Mendonca Texture extraction Support ADNI dataset 10-fold CV 3 classes (AD, Accuracy: They used a feature engineering
etal. [17] vector MCI, HC) 83.80 for model and they attained limited
machine HCxAD classification performances
74.10 for
HCxMCI
75.40
MCIXAD
Sethi et al. CNN SVM OASIS dataset 80:20 3 classes (AD, Accuracy: There are only three classes and
[18] MCI, HC) 86.20 their classification accuracy is
relatively low.
Cobbinahetal.  Convolutional adversarial Softmax ADNI dataset 5-fold CV 3 classes (AD, Accuracy: Their classification accuracy is
[19] autoencoder, Convolutional MCI, HC) 91.80 for relatively low.
attention network HCxAD
88.10 for
HCxMCI
90.05
MCIXAD
Yan et al. [20] Pyramid squeeze attention Softmax ADNI dataset 5-fold CV 3 classes (AD, Accuracy: They used a well-known deep
mechanism, MLP MCI, HC) 98.85 % learning model.
Dogan et al. Primate brain pattern kNN The dataset 1. 10-fold 2 classes (AD, Accuracy Their dataset only contains two
[21] created by cv HC) 1.100.0 classes.
Alzheimer’s 2. Leave-one 2.92.01

Patients’ Relatives

Association
of Valladoli
Kaplan et al. Feed-forward LPQNet kNN 1. Collected AD
[22] image dataset

2. The Harvard
Brain Atlas AD

dataset
3. The Kaggle AD
dataset
Kaplan et al. ExHiF model kNN 1. Collected
[23] dataset
2. The Kaggle AD
dataset
Sorour et al. CNN Softmax ADNI dataset
[24]
Akan et al. CNN, Vision transformer Softmax ADNI dataset
[25]
Assmi et al. CNN Softmax The Kaggle AD
[26] dataset
Goyal et al. Long short-term memory, Softmax ADNI dataset
[27] generative adversarial
network
Arafa et al. CNN Softmax The Kaggle AD
[28] dataset
Adarsh et al. CNN Softmax ADNI dataset
[29]
Mahmud et al. CNN Softmax OASIS dataset
[30]
Prasath and CNN Softmax The Kaggle AD
Sumathi dataset
[31]

subject-out

10-fold CV 1. 2 classes (AD, Accuracy: They used relatively small
HC) 1. 99.68 datasets.
2. 2 classes (AD, 2.100.0
HC) 3.99.64
3. 4 classes

(MildD, ModD,
VMD, Healthy)

10-fold CV 1. 2 classes (AD, Accuracy: They used relatively small
HC) 1. 100.0 datasets.
2. 4 classes 2.100.0

(MildD, ModD,
VMD, Healthy)

80:20 3 classes (AD, Accuracy: There are only three classes.
MCI, HC) 99.92

80:20 3 classes (AD, Accuracy: There are only three classes.
MCI, HC) 95.67

80:20 4 classes (MildD, Accuracy: They used a well-known deep
ModD, VMD, 92.86 learning model.
Healthy)

80:20 3 classes (AD, Accuracy: There are only three classes.
MCI, HC) 96.83

10-fold CV 4 classes (MildD, Accuracy: They used a well-known deep
ModD, VMD, 97.44 learning model.
Healthy)

10-fold CV 3 classes (AD, Accuracy: They used a well-known deep
MCI, HC) 98.27 learning model.

80:20 4 classes (MildD, Accuracy: They used a well-known deep
ModD, VMD, 96.00 learning models.
Healthy)

10-fold CV 4 classes (MildD, Accuracy: They used relatively small
ModD, VMD, 99.50 datasets.

Healthy)
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- Many existing models achieve high accuracy at the expense of many
parameters, leading to increased computational cost and memory
requirements. There is a gap in the literature regarding developing
models that maintain or improve classification performance while
significantly reducing the number of trainable parameters. This
aspect is crucial for deploying models in resource-constrained envi-
ronments or for real-time analysis.

While attention mechanisms have been applied in deep learning
models to improve focus on relevant features of input data, their
combination with novel architectural designs, such as those inspired
by the Fibonacci sequence, remains underexplored. Such integration
could potentially enhance the model’s ability to identify subtle pat-
terns associated with different stages of Alzheimer’s Disease,
improving classification accuracy and model interpretability.

The primary objective of this research is to introduce a highly ac-
curate deep learning model (CNN) with fewer learnable parameters.
Currently, there is significant competition between Transformers and
CNNs in the field of computer vision. After 2020, transformers began
being used for computer vision tasks, achieving impressive classification
capabilities. Notably, the Vision Transformer (ViT) [32] and Swin
Transformer [33] have delivered outstanding classification perfor-
mances in computer vision tasks. Researchers have introduced new
blocks to design next-generation models in response to this develop-
ment. One of the widely recognized competitive CNNs is ConvNeXt. The
two crucial requirements for CNNs are (i) high classification accuracy
and (ii) fewer trainable parameters. To address these needs, we have
proposed a new ConvNeXt-based CNN model.

In this model, we employed depth-concatenation and self-attention
blocks. The depth-concatenation block was used to increase the num-
ber of filters, while attention blocks were utilized to focus on regions of
interest (ROI) to enhance classification capabilities. We concatenated
the outputs of one block to serve as the input for the subsequent block.
As a result, our model is named FiboNeXt. We have integrated a math-
ematical model to devise a new computer vision model in this context.
To evaluate our model quantitatively, we utilized an Alzheimer’s Dis-
ease (AD) MRI image dataset.

The primary aim of the FiboNeXt model is to harness the mathe-
matical elegance and structural efficiency of the Fibonacci series to
revolutionize the architecture of CNNs. The Fibonacci series serves as a
blueprint for designing the network’s layers by dictating the progression
of layers and allocating resources within the network. This design
strategy ensures that the number of neurons or filters in successive layers
adheres to the Fibonacci sequence, optimizing the network’s ability to
process and recognize complex patterns within data. A critical compo-
nent of this innovative approach is the enhancement of the model’s
attention mechanisms. Leveraging the Fibonacci series, FiboNeXt im-
proves the network’s focus on the most relevant parts of the input data,
thus enhancing its learning from critical features while minimizing
distractions from irrelevant information. This Fibonacci-inspired struc-
ture promises more efficient distribution of attention across the network,
enabling superior management of hierarchical information present in
the input data.

Furthermore, applying the Fibonacci series contributes significantly
to the model’s efficiency and scalability, crucial for processing large
datasets and applications requiring real-time analysis. The unique
integration of the Fibonacci series with attention-based mechanisms
within a CNN framework markedly enhances the model’s pattern
recognition capabilities, particularly in analyzing complex datasets such
as those found in medical imaging for Alzheimer’s classification. This
approach leads to optimal resource distribution, reduces redundancy
and, focuses computational power where most needed, and introduces
an innovative method for designing deep learning models. By merging
mathematical principles with cutting-edge Al research, the FiboNeXt
model aims to refine the network’s attention capabilities and structural
efficiency, paving the way for significant advancements in the
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performance of deep learning models across various applications. This
pioneering step in the application of the Fibonacci series to the CNN
method symbolizes a blend of mathematical rigor and Al innovation,
promising to open new avenues for research and development in arti-
ficial intelligence, where mathematical principles can guide the creation
of more effective and efficient neural networks.

The presented FiboNeXt is a novel CNN. Therefore, it has variable
innovations and contributions. The innovations and contributions have
been listed below.

Innovations:

- Our research introduces a novel approach by specifically designing a
CNN architecture inspired by the Fibonacci series. While various
studies have explored the application of CNNs, to our knowledge, no
prior work has integrated the Fibonacci sequence as a fundamental
design principle within a CNN framework. We have conducted a
comprehensive literature review and found no documented evidence
of similar methodologies being employed in existing research.
However, we acknowledge the dynamic nature of research and
welcome any references to prior work that might align with our
approach.

We introduced a novel attention-based CNN aimed at achieving su-
perior classification performance.

Contributions:

This research presents a new CNN model termed FiboNeXt, inspired
by the Fibonacci sequence. By integrating attention mechanisms
within a lightweight framework, FiboNeXt achieves enhanced
feature recognition capabilities. The model’s architecture is designed
with fewer than 10 million learnable parameters, setting a new
benchmark for efficient yet powerful neural networks.

The presented FiboNeXt attained over 99 % accuracy in the test
scenarios. In this aspect, the recommended FiboNeXt is a highly
accurate CNN model.

- Nowadays, researchers generally focus on large models due to the
effectiveness of large language models. In this research, we have
proposed a lightweight CNN model to contribute to lightweight
learning.

By integrating attention mechanisms into FiboNeXt, this CNN’s
classification capability and explainability have increased. In this
aspect, this model is a highly accurate CNN model and an explainable
CNN.

The proposed FiboNeXt can be adapted to other image classification
models. Additionally, by changing the parameters of the presented
FiboNeXt, larger versions of this CNN can be achieved.

2. Datasets

In this research, we utilized an open-access dataset related to AD
[34]. This dataset is comprised of two types of images: (i) augmented
images and (ii) original images. We employed the original images for
testing, while the augmented images were used for training. Addition-
ally, we used a public image dataset to obtain comparative results. The
AD MRI image dataset we used consists of four classes: (i) mild
demented, (ii) moderate demented, (iii) non-demented, and (iv) very
mild demented. This dataset can also be downloaded from https://www.
kaggle.com/datasets/uraninjo/augmented-alzheimer-mri-dataset URL.
Moreover, we have used second version of this dataset and this dataset is
a publicly available dataset and researchers can download the AD_v2
dataset using https://www.kaggle.com/datasets/uraninjo/augmented
-alzheimer-mri-dataset-v2 URL. The characteristics of the used data-
sets are defined in Table 2.

According to Table 2, the datasets used contain 40,384 images. To
train the proposed FiboNeXt, we utilized 33,984 augmented images and
6,400 original images from 40,384. They only used different


https://www.kaggle.com/datasets/uraninjo/augmented-alzheimer-mri-dataset
https://www.kaggle.com/datasets/uraninjo/augmented-alzheimer-mri-dataset
https://www.kaggle.com/datasets/uraninjo/augmented-alzheimer-mri-dataset-v2
https://www.kaggle.com/datasets/uraninjo/augmented-alzheimer-mri-dataset-v2
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Table 2

The characteristics of the used AD image datasets.
Class Augmented images Original images Total
Mild demented 8960 896 9856
Moderate demented 6464 64 6528
Non demented 9600 3200 12,800
Very mild demented 8960 2240 11,200
Total 33,984 6400 40,384

augmentation techniques.
3. The proposed FiboNeXt

In this work, we introduce FiboNeXt, a novel model tailored for high
classification performance by using a next-generation approximation for
convolutional neural networks (CNN). Drawing inspiration from the
architecture of ConvNeXt, our model integrates addition blocks remi-
niscent of ResNets to mitigate the vanishing gradient issue. Furthermore,
we incorporate a depth-concatenation block, architecting a structure
analogous to the Fibonacci series. The proposed FiboNeXt draws inspi-
ration from the ConvNeXt architecture, incorporating state-of-the-art
design elements such as addition blocks to mitigate the vanishing
gradient problem—a common issue in deep neural networks that ham-
pers effective learning. This innovative synthesis also includes depth-
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concatenation blocks that emulate the natural efficiency and scalabil-
ity of the Fibonacci series, setting a new precedent in neural network
design for complex pattern recognition tasks.

A comprehensive illustration of the proposed FiboNeXt can be found
in Fig. 1.

Fig. 1 shows that FiboNeXt comprises four distinct components: the
stem block, the FiboNeXt block, the downsampling block, and the output
blocks. In the subsequent sections, we elucidate these components’
characteristics and general attributes within the proposed convolutional
neural network.

Stem block: In the proposed FiboNeXt model, the stem block is the
initial component. This block is meticulously constructed to set the
groundwork for the following layers. The stem block’s architecture in-
corporates a convolutional layer characterized by a 5 x 5 filter size.
Subsequent to the convolution, batch normalization is integrated to
ensure stability and enhance the efficiency of the training phase. We
finalize the operations in this block with the swish activation function, a
choice motivated by its demonstrated performance in numerous deep-
learning contexts. We will direct readers interested in the stem block’s
intricate details and mathematical underpinnings to the following
section.

X' = S(B(Cnv(Im) )) @

Herein, X' defines the first feature map, Cnv(.) means the convolution,

FiboNeXt
10

FiboNeXt
7

FiboNeXt
11

FiboNeXt

Sigmoid Sigmoid
& ®
FiboNeXt FiboNeXt
9 12
—( Concat —'
Conv.
Conv. — m

(Class. )—(Softmax}—m

Fig. 1. The general block diagram of the FiboNeXt. The abbreviations of this figure are explained as follows. Concat: depth concatenation, Avg Pool: average pooling,
Conv.: convolution, FC: fully connected, GAP: global average pooling, Class.: classification layer.
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S(.) is the swish function, B(.) represents the batch normalization, and Im
is the image with a size of 224 x 224. The attributes of the used
convolution are given as follows. The used filter size is 5 x 5, the number
of filters is selected as 96, and the stride is selected as 4 x 4.

FiboNeXt: The cornerstone of the proposed model is the 'FiboNeXt
block’, which takes inspiration from the architecture of the ConvNeXt
block. This block is intricately designed with five convolutional layers.
Among these layers, four feature 1 x 1 sized convolution operations
serve specific purposes in feature extraction and spatial representations.
However, the initial layer in this sequence employs a 3 x 3 convolution,
setting the stage for subsequent operations. We introduce an addition
block to address and counteract the ubiquitous vanishing gradient
problem. Further enhancing the design, an inverse bottleneck structure
is embedded within this block, optimizing the flow of information and
ensuring efficient feature refinement. A comprehensive illustration of
the FiboNeXt block, detailing its layers and their interconnections, can
be found in Fig. 2.

The aforementioned FiboNeXt block serves as the core component of
the proposed FiboNeXt model. In our design, attention blocks (see Fig. 1)
are constructed using multiplication operations. In tandem, the Fibo-
nacci block is crafted by integrating concatenation techniques with this
main block. A comprehensive mathematical formulation of this partic-
ular block can be found in the subsequent section.

X' = Cnv(S(Cnv(B(Cnv(S(Cnv(B(Cnv(X*1))))))))) + X! 2)

Herein, X' defines output and X*~! is input. We have defined this
equation using Fibo(.) function. By using Fibo(.) function, we have
created our attention and Fibonacci-like mathematical approximation.
This approximation is defined below.

X' = concat (sigmoid (Fibo(X"~®) ) x sigmoid(Fibo(X'~*) ), Fibo(X""))
3)

Herein, concat(.) defines the concatenation function.

Downsampling block: In our design, we have incorporated a down-
sampling block reminiscent of the approach used in DenseNet. Specif-
ically, we employ average pooling, utilizing a 2 x 2 pool size coupled
with a stride of 2 x 2.

Output block: In the proposed FiboNeXt, we have implemented a
standard output block. This block is structured with several layers, from
global average pooling to spatially aggregating features. We introduce a
fully connected layer to generate a rich feature representation. We have
set its output size to 256 to capture essential patterns and nuances. A
dropout layer is incorporated to mitigate potential overfitting and
enhance generalization, with a dropout probability 0.5. After this,
another fully connected layer is added, culminating in applying a soft-
max function to produce probabilistic outcomes. The final output of the
block provides the classification results.

The general attributes of the proposed FiboNeXt: In this section, we have
given an overview of the FiboNeXt. The formulation of the used Fibo-
NeXt is: C = (96,192,384,768),B = (3, 3, 3, 3). where C implies the
number of filters and B represents the number of repeats. The detailed
description of the proposed FiboNeXt is also tabulated in Table 3.

- ~
/ \
I 1
| 1
! < = 1
| - 2 = s |
: 2 m‘—fu‘% FTUCD ,_.*Um‘-r 1
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Fig. 2. FiboNeXt block.
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Table 3
Details of the proposed FiboNeXt.
Layer Operation Input Output
Stem 7 x 7, 64, BN + Swish, stride: 4. 224 x 56 x 56
224
FiboNeXt [ 3x3,96 ] 56 x 28 x 28
1 1x1,192 56
1x1,384| x3
1x1,384
L 1x1,9 |
FiboNeXt [3x3,192] 28 x 28 x 28
2 1x1,384 28
1x1,768 | x 3
1x1,768
[1x1,192]
FiboNeXt [ 3% 3,384 ] 14 x 7 x7
3 1x1,768 14
1x1,1536| x 3
1x1,1536
| 1x1,384 |
FiboNeXt [ 33,768 ] 7 x7 7%x7
4 1x1,1536
1x1,3072| x 3
1x1,3072
| 1x1,768 |
Output GAP, fully connected layer, Dropout, fully 7 x 7 Number of
connected layer, softmax, classification classes
Total learnable parameters 9.9 Million

Per Table 3, the general equation of the proposed model is given
below.

FiboNeXt = R : [3,3,3,3],F : [96,192, 384, 768 4

Herein, R: number of repition and F: number of filters. We have
adopted the structure of ConvNeXt, utilizing filters [96,192,384,768] to
leverage its architectural efficiency. Furthermore, we have implemented
[3,3,3,3] as the number of repetitions to incorporate the Fibonacci logic
into our model. Moreover, we have used attention blocks in this model.
The equation of the attention block is defined below.

Att = Sigmoid(F*?) x Sigmoid(F"") (5)

Herein, Att: Attention output, F: FiboNeXt block outputs. We have
used multiplication-based attention. Equation (5) defines a Fibonacci-
like attention. After that, we used depth concatenation to create a gen-
eral output.

Out = concat(Att, F*) (6)

where Out: defines the concatenated output.

The choice of the FiboNeXt model for classification tasks is strongly
justified by its structured layers and operations, as detailed in the table,
which collectively contribute to its superior performance and efficiency.
Starting with the stem block that employs a 7 x 7 convolution with
batch normalization and Swish activation on a standard input size,
FiboNeXt immediately sets the stage for high-level feature processing,
effectively reducing dimensionality while maintaining crucial
information.

The core of the FiboNeXt model comprises four distinct blocks, each
designed to progressively refine and enhance the feature maps extracted
from the input images. These blocks utilize a combination of 3 x 3 and 1
x 1 convolutions, increasing the depth and width of the network in a
manner inspired by the Fibonacci series. This unique design allows for a
significant expansion in the model’s capacity to capture complex pat-
terns and relationships within the data without an exponential increase
in computational demand. The repetition of these blocks, with each
subsequent block increasing the complexity and depth of the network,
ensures comprehensive feature extraction and analysis, crucial for ac-
curate classification tasks.

The final output block, which includes global average pooling fol-
lowed by fully connected layers and a softmax classification layer, is
designed to synthesize the refined features into actionable insights,
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providing precise classification outputs across various classes. This
structure demonstrates a careful balance between depth and efficiency,
ensuring that the model remains lightweight with a total of only 9.9
million learnable parameters. This efficiency is particularly important
for deploying the model in real-world scenarios, where computational
resources may be limited or where rapid processing of large datasets is
required. Moreover, this CNN has an attention structure.

The selection of the FiboNeXt model is underpinned by its innovative
architectural design, which leverages depth-concatenation blocks
inspired by the Fibonacci series to optimize information flow and feature
processing. The model’s ability to maintain high classification accuracy
with a relatively low number of parameters addresses the critical need
for efficient, scalable, and accurate deep learning solutions in the field of
medical image analysis. As outlined, the detailed layer and operation
design of FiboNeXt showcases its potential to significantly enhance
diagnostic processes and improve patient outcomes by providing a
powerful tool for accurately classifying complex patterns in medical
images.

4. Results and Discussions

This section delves into the experimental results achieved with our
proposed FiboNeXt model. Our implementation leveraged the MATLAB
programming environment, using its robust tools. Specifically, the
MATLAB Deep Network Designer was instrumental in bringing the
FiboNeXt architecture to life. The design encompasses 161 layers
interconnected by 180 connections, underscoring its depth and
complexity.

4.1. Experimental results

The computational environment for the model’s design and testing
was a standard personal computer. Its specifications included 64 giga-
bytes of main memory, an NVIDIA GeForce RTX 2070 graphics card, and
a central processing unit clocked at 3.6 GHz. This setup ran on the
Windows 11 operating system, ensuring smooth operation and efficient
computational throughput.

During the initial phase of our experiment, we directed our efforts
toward training using the augmented dataset. We allocated data into
training and validation sets, adhering to a split ratio of 70:30. The pa-
rameters chosen for the training phase of the FiboNeXt were as follows:

Solyer: Stochastic Gradient Descent with Momentum (sgdm),

Momentum Coefficient: 0.9,

Initial Learning Rate: 0.01,
Mini-batch Size: 32,

Maximum Epochs: 50,
L2 Regularization Factor: 10,
For a comprehensive view of the training progression and validation

1001 [T T W
2F Y T —

80 r
70
60
50
40
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(a) AD augmented dataset
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performance, we charted both the training and validation curves, which
can be visualized in Fig. 3.

After completing the training phase, the model achieved a final
validation accuracy of 95.40 % for AD augmented dataset and our
proposed FiboNeXt reached 95.93 % final validation accuracy for AD
augmented dataset v2. This commendable performance showcases the
model’s ability to generalize well on unseen data during training.

To further validate the trained model’s effectiveness, we tested it
using the original images. Remarkably, our proposed FiboNeXt exhibi-
ted an impressive test accuracy of 99.66 % on this original image
dataset. Such high accuracy underscores the robustness and adaptability
of our model in real-world scenarios.

We have charted a confusion matrix to offer a more granular insight
into the model’s classification prowess across different categories. This
matrix visually represents true positive, false positive, true negative, and
false negative classifications, enabling an intuitive understanding of
where the model excels and might have faltered. The computed confu-
sion matrix is illustrated in Fig. 4.

From Fig. 4, we have computed the standard metrics such as preci-
sion, recall, and F1-scores, including accuracy, providing a compre-
hensive view of our model’s performance on the test data. These results
are systematically tabulated in Table 4. Moreover, we have given brief
information about the used performance evaluation metrics, and these
are:

Precision: This metric evaluates the number of correctly predicted
positive observations from the total predicted positives. High precision
indicates that an algorithm returned substantially more relevant results
than irrelevant ones [35].

Recall: Recall captures the number of correctly predicted positive
observations out of all the actual positives. A high recall indicates that
the class was correctly recognized to a large extent [36].

F1-Score: This is the weighted average of precision and recall. Thus, it
takes both false positives and false negatives into account. An F1 score is
a better metric for uneven class distributions, as it seeks a balance be-
tween precision and recall [37].

Accuracy: This metric calculates the ratio of correctly predicted ob-
servations to the total observations. While accuracy is intuitive, it can be
misleading if the class distribution is imbalanced [38].

The mathematical definitions of the performance evaluation metrics
utilized in this study are provided below. We have employed the vari-
ables tp (true positive), tn (true negative), fp (false positive), and fn
(false negative) to delineate these parameters.

p
+/p

)

Precision =

| 8

Recall =

(8

tp+fn

100
9
80f
70t
60 f
50 1
40
30
20t
10}
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0 5 10 15 20 25 30 35 40 45 50
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(b) AD augmented dataset v2

Fig. 3. Validation and training curve of the proposed FiboNeXt on the augmented dataset.
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Fig. 4. Test confusion matrix of the proposed FiboNeXt. Herein, 1: Mild demented, 2: Moderate demented, 3: Non demented, 4: Very mild demented.

Table 4
The computed performance evaluation results (%).

Class AD dataset AD dataset v2

Rec. Pre. F1 Acc. Rec. Pre. F1 Acc.
Mild demented 100 99.89 99.94 — 100 99.78 99.89 -
Moderate demented 100 100 100 - 100 100 100 -
Non demented 99.44 99.87 99.66 - 99.35 99.81 99.58 -
Very mild demented 99.82 99.25 99.53 — 99.87 99.16 99.51 -
Overall 99.81 99.75 99.78 99.66 99.81 99.69 99.75 99.63

** Rec.: Recall, Pre.: Precision, F1: Fl-score, Acc.: Accuracy.

Precision x Recall
Fl=2x—1—— 9
x Precision + Recall ©

tp+tn

P a0

Accuracy =

By analyzing metrics like precision, recall, F1-score, and accuracy, we
can have a holistic view of our model’s performance, identifying its
strengths and potential areas of improvement.

As evidenced by Table 4, the FiboNeXt model has showcased
exemplary performance across different classes of dementia. Here are
some key observations:

Mild Demented Class: The model achieved perfect recall (100 %) in
both dataset versions, indicating its exceptional capability to identify all
relevant cases of mild dementia accurately. A slight decrease in preci-
sion from 99.89 % to 99.78 % in the second dataset version suggests a
marginal increase in false positives. However, the F1 scores remain
exceptionally high (above 99.89 %), demonstrating robust classification
performance.

Moderate Demented Class: This category shows an outstanding 100 %
performance across all metrics in both dataset versions, indicating the
model’s flawless identification and classification capabilities for mod-
erate dementia cases.

Non Demented Class: There’s a slight decrease in recall (from 99.44 %
to 99.35 %) and precision (from 99.87 % to 99.81 %) when moving from
the first to the second dataset version. These changes are minor but
indicate a slightly reduced ability to correctly identify all non-demented
cases and a minimal increase in false positives in the AD dataset v2.
Despite this, the F1-scores remain high, showcasing strong classification
accuracy.

Very Mild Demented Class: The recall slightly increased from 99.82 %
to 99.87 %, while precision decreased from 99.25 % to 99.16 % when
transitioning between dataset versions. These changes suggest a minor
improvement in identifying very mild demented cases but at the cost of a
slight increase in false positives in the second dataset version.

Overall Performance: The overall metrics show a consistent perfor-
mance, with a slight decrease in precision and F1-score in the AD dataset
v2, leading to a marginal drop in overall accuracy from 99.66 % to
99.63 %. This indicates that while the model performs exceptionally
well across both datasets, there is a subtle variation in its effectiveness in
differentiating between classes in the second dataset version.

The proposed FiboNeXt model demonstrates high efficiency in clas-
sifying different stages of dementia, with especially commendable re-
sults for the mild and moderate demented classes.

4.2. Explainable results

In order to explain the high classification performance of the pro-
posed FiboNeXt, we have presented explainable results using heatmaps.
We have used the Gradient-weighted Class Activation Mapping (Grad-
CAM) model to generate heatmaps. Our proposed model is an attention
CNN since we have used a multiplication operator to generate feature
maps, and one of our ideas is to generate ROIs. The visualization of some
images by deploying Grad-CAM per the classes is depicted in Fig. 5.

Fig. 5 demonstrates that the ROIs use darker colors (red tones), and
per these results, the ROIs of these images per the classes are similar.
Fig. 5 illustrates that this model has attention ability.

4.3. Ablation studies

We have introduced an ablation section to assess validation accu-
racies, defining various cases to obtain comparative results for the uti-
lized FiboNeXt model. These cases, all based on the presented FiboNeXt
framework, are described as follows:

Case 1: Femto FiboNeXt.

Filters: [32, 64, 128, 256],

Parameters: Approximately 1.1 million.

Case 2: Piko FiboNeXt.

Filters: [40, 80, 160, 320],
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(b) Moderate demented

(d) Very mild demented

Fig. 5. Heatmaps of the proposed FiboNeXt using sample AD MR images.

Parameters: Approximately 1.8 million.

Case 3: Nano FiboNeXt.

Filters: [64, 128, 256, 512],

Parameters: Approximately 4.5 million.

Case 4: Small FiboNeXt.

Filters: [80, 160, 320, 6401,

Parameters: Approximately 7 million.

Case 5: Big FiboNeXt.

Filters: [256, 512, 1024, 2048],

Parameters: Approximately 68.4 million.

Case 6: FiboNeXt without Attention Blocks.

Excludes the attention blocks to evaluate their impact on the model’s
performance. We have used Base FiboNeXt to create this case.

Case 7: Base FiboNeXt.

Description: The original presented model,

Parameters: Approximately 9.9 million.

The configurations were applied to the second Augmented AD
Dataset (version 2), and their validation accuracies were computed and
illustrated in Fig. 6.

Fig. 6 shows Case 5 (Big FiboNeXt) achieved the highest validation
accuracy of 96.32 %, demonstrating the potential of using larger filter
sizes. However, this configuration also has the highest number of
learnable parameters (68.4 million).

Case 7 (Base FiboNeXt) achieved a validation accuracy of 95.93 %
with significantly fewer parameters (9.9 million), indicating a balance
between model complexity and performance.

Case 6 (FiboNeXt without Attention Blocks) decreased validation
accuracy to 94.77 %, highlighting the importance of attention blocks in
enhancing the model’s performance. Including attention blocks

Validation accuracy (%)
(0] O (o] O (o]
oo o N H (o]

o
(0]

1 1 1 1 1 1 1

1 2 3 4 5 6 7
Case

Fig. 6. Validation accuracies of the created cases.
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contributed to an increase of 1.16 % in classification accuracy.
Per this ablation study, the detected findings are:

- Increasing the number of filters can improve validation accuracy and
significantly increase the number of learnable parameters, affecting
computational efficiency.

- Attention blocks are the effective blocks for FiboNeXt.

- The Base FiboNeXt model strikes a good balance between perfor-
mance and computational efficiency.

4.4. Discussions

In this research, we have developed a new approximation for CNN,
and we have used a Fibonacci-based approximation. In order to show the
high classification performance of the proposed model, we have used an
open-access AD image dataset and obtained 95.40 % validation and
99.66 % test classification accuracies. To better show the performance of
our proposal, we have tabulated the comparative results in Table 5.

Per the comparative results, our proposal attained satisfactory clas-
sification performance on the used dataset. Moreover, by using the
comparative results, we have demonstrated the superiority of the pro-
posed FiboNeXt.

Furthermore, we compared the proposed FiboNeXt model with
MobileNetV2, ResNet50, and DarkNet53. To evaluate test accuracies,
we utilized the Alzheimer’s Disease dataset version 2 (AD dataset v2),
and the comparative results are illustrated in Fig. 7.

Table 5
Comparative results (%).

Study Method Classifier Dataset Accuracy

Rezaeeetal. CNN- Cascade-
[39] ResNet

9600 non- 99.02

dementia

8960 very mild

dementia

8960 mild

dementia

6464 moderate

dementia

Jha et al. InceptionV3 Softmax 9600 non- 97.00
[40] dementia

8960 very mild

dementia

8960 mild

dementia

6464 moderate

dementia

9600 non- 98.23

dementia

8960 very mild

dementia

8960 mild

dementia

6464 moderate

dementia

Elgendy VGG16 Softmax 6500 MRI images 97.00
and for four classes
Nassif 40,000 MRI
[42] augmented

images for four

classes

3200 non- 90.00

dementia

8960 very mild

dementia

8960 mild

dementia

6464 moderate

dementia

A new CNN Augmented AD 99.66

model dataset

Augmented AD 99.63

dataset v2

Softmax

Anitha et al. SegNet, Softmax
[41] Restricted
Boltzmann

Machine

Taspinar CNN Artificial
[43] neural
network

Our study FiboNeXt
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Fig. 7. Comparative test accuracies.

In Fig. 7, the test classification accuracies for MobileNetV2,
ResNet50, DarkNet53, and FiboNeXt are presented, achieving 97.75 %,
98.86 %, 98.94 %, and 99.63 % respectively. These outcomes distinctly
showcase the superior test classification accuracy of FiboNeXt on the
utilized AD image dataset, underlining its effectiveness in comparison to
the other CNN architectures.

We have discussed the findings and advantages of the proposed
model, which are given below.

Findings:

- The presented FiboNeXt model demonstrated high accuracy,
achieving over 99.60 % on the both used datasets. Moreover, this
model attained high classification performance for two AD image
datasets.

With stellar recall, precision, and F1-score values across different
classes of dementia, FiboNeXt has proven its efficacy in predictive
modeling, especially in achieving perfect scores in identifying and
classifying certain classes.

Despite inherent challenges in distinguishing between non-demented
and very mild demented classes, the model managed commendable
recall rates, showcasing its robustness in handling subtle class
variations.

Inspired by the Fibonacci series, FiboNeXt integrates depth-
concatenation blocks and addition blocks similar to ResNets but
with a unique twist. This structure allows for a scalable and efficient
increase in network depth and complexity directly influenced by the
mathematical properties of the Fibonacci sequence. The model spe-
cifically addresses the vanishing gradient problem through these
addition blocks and enhances feature extraction through depth
concatenation.

Despite its complexity, FiboNeXt remains remarkably efficient, with
fewer than 10 million learnable parameters. This efficiency does not
compromise the model’s depth or performance, making it highly
scalable and suitable for a wide range of applications, including
those with limited computational resources.

Incorporates a sophisticated attention mechanism by design, allow-
ing the model to prioritize and focus on ROIs more effectively. This
mechanism is further enhanced by the model’s Fibonacci-inspired
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structure, leading to a more nuanced and efficient analysis of medical
images.

Advantages:

The innovative utilization of a Fibonacci series-inspired structure in
the FiboNeXt block enables a meticulous channel-wise concatena-
tion, which may contribute to the richness in feature representation
and propagation throughout the network.

The integration of attention blocks allows the model to prioritize
relevant information selectively and focus on specific regions of in-
terest in the input data, enhancing its sensitivity to critical features
pertinent to classification tasks.

The strategic employment of addition blocks, akin to the ResNets,
mitigates the vanishing gradient problem, facilitating deeper model
training without hindering the learning process.

FiboNeXt block, an innovative variant of ConvNeXt-like blocks, de-
ploys concatenation and attention mechanisms creatively, yielding a
distinctive architecture encompassing depth and feature selectivity.
With less than 10 million learnable parameters, FiboNeXt ensures
computational efficiency and illustrates a scalable model architec-
ture that may be deployed in environments with varying computa-
tional resources.

The model did not merely memorize the training data but effectively
generalized its learning, ensuring reliable predictions on unseen
data, as evidenced by the impressive performance metrics on the test
data.

FiboNeXt’s architecture and principles could be adapted or trans-
ferred to similar medical image classification tasks, demonstrating its
versatile applicability across a spectrum of use cases in medical
diagnostics.

In light of these findings and advantages, FiboNeXt has proven itself
to be a robust and reliable model for the classification of Alzheimer’s
Disease stages. It stands out in terms of high accuracy and commendable
performance metrics, and the innovative underpinning architectural
principles also set a promising precedent for future explorations in
medical image classification.

5. Limitations and future works

While the FiboNeXt model exhibits innovative architecture and
impressive performance metrics, it also has its own limitations. One of
the primary limitations stems from dataset specificity. The performance
demonstrated is based on a specific dataset and raises questions about its
adaptability and consistency across datasets with different image reso-
lutions, quality, or different patient demographics. This is attributed to
another limitation regarding its generalization across different imaging
modalities, as it was specifically trained on AD MR images. We have
used two AD image datasets. Additionally, although novel, the inherent
complexity of the FiboNeXt block structure may pose challenges to
interpretability; this is a critical factor when considering its application
in clinical settings. Given the lack of additional datasets for validation,
there are also concerns about the model’s ability to handle images with
artifacts, noise, or non-standard capture angles, as well as potential
overfitting issues.

Our future plans to improve the proposed FiboNeXt are given as
follows. An important step will be to ensure its robustness by testing the
model in a variety of imaging modalities, from CT to PET scans.
Combining larger and more diverse data sets representing various re-
gions and patient groups could make the model universally applicable
and more robust. Since the field of medical imaging relies heavily on
clinician expertise, making the FiboNeXt model’s predictions and
studies more explainable could bridge the gap between Al insights and
clinical decision-making. Application of the model to real-world clinical
scenarios will provide invaluable feedback and insights into real-time
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diagnostic capabilities. Given the potential of its architecture, the
adaptation of FiboNeXt to other medical or neurodegenerative disorders
could expand its range of applications. Finally, addressing potential
overfitting with advanced regularization techniques and noise-
augmented training data can refine the model’s predictions. In the dy-
namic field of medical image analysis, the FiboNeXt model provides a
solid foundation with ample opportunities to improve and expand its
clinical applications.

FiboNeXt’s unique architecture, inspired by the Fibonacci series,
positions it as a prime candidate for tasks ranging from environmental
monitoring, where it could analyze satellite imagery to track defores-
tation and climate change, to autonomous vehicle navigation, requiring
precise, real-time interpretation of sensor data. In manufacturing,
FiboNeXt’s precision in identifying defects could revolutionize quality
control processes, while in agriculture, it could analyze crop health from
drone-captured images, enhancing yield predictions and pest manage-
ment. The retail sector could benefit from its ability to analyze customer
behavior optimizing store layouts and shopping experiences. Mean-
while, FiboNeXt could automate video editing and content categoriza-
tion in entertainment and media, offering new interactive experiences.
Additionally, its application in security and surveillance could support
real-time threat detection, necessitating advancements in anomaly
detection. Each of these applications would not only leverage Fibo-
NeXt’s capacity for complex pattern recognition but also necessitate
model adaptations, including the development of specialized input
layers for multispectral imagery, enhancements in real-time processing,
and improvements in model resilience to diverse environmental condi-
tions. This broadened application spectrum underscores FiboNeXt’s
potential to impact various industry sectors by harnessing deep learning
for innovative solutions.

6. Conclusions

In this work, we introduced the novel FiboNeXt model, a deep-
learning architecture inspired by Fibonacci sequences and tailored
specifically for high-performance classification in the realm of medical
imaging. The uniqueness of FiboNeXt lies in its intricate block struc-
tures, synergizing attention mechanisms with ConvNeXt-like designs,
thus resulting in a robust model capable of capturing intricate patterns
in AD MR images.

Our experiments, conducted within the MATLAB environment,
validate the efficacy of FiboNeXt. The model’s performance metrics,
especially a test accuracy of over 99.60 % (99.66 % and 99.63 %) on the
original image dataset, indicate its potential in real-world medical sce-
narios. More impressively, certain classes, such as mild and moderate
demented, showed impeccable recall rates of 100 %, underscoring the
model’s sensitivity. Furthermore, an F1-score of 100 % for the moderate
demented class signifies balanced precision and recall, emphasizing the
model’s reliability in classification tasks.

While the FiboNeXt model demonstrates promising results, viewing
these outcomes in the context of the data it was trained and tested on is
crucial. The model’s high precision, recall, and F1 score across classes
highlight its potential in detecting and diagnosing neurodegenerative
disorders, particularly AD. However, it’s important to note that while
numerical results are impressive, the model’s real-world clinical utility
will be determined by its adaptability, interpretability, and generaliz-
ability across diverse datasets and imaging modalities.

In conclusion, the FiboNeXt model stands as a testament to the power
of innovative neural network designs in addressing complex classifica-
tion challenges in the medical domain. Its numerical prowess offers hope
for its utility in practical scenarios, paving the way for future enhance-
ments and broader applications.
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Appendix
The MATLAB code of the proposed FiboNeXt is given below.
i Create Layer Graph

Create the layer graph variable to contain the network layers.
lgraph = layerGraph () ;

ii Add Layer Branches

Add the branches of the network to the layer graph. Each branch is a
linear array of layers.
tempLayers = [
imageInputLayer ([224 224 3], “Name”, “imageinput”)
convolution2dLayer ([55],96, “Name”, “conv”’, “Padding
7, “same”, “Stride”, [4 4])
batchNormalizationLayer (“Name”, “batchnorm”)
swishLayer (“Name”, “swish”) ] ;
lgraph = addLayers (lgraph, tempLayers) ;
tempLayers = [
groupedConvolution2dLayer ([3 31,1, “channel-wise”,
groupedconv”, “Padding”, “same”)

2 G

batchNormalizationLayer (“Name”,

(LTS

“Name”,
batchnorm 1)
groupedConvolution2dLayer ([1 11,2, “channel-wise”,
”, “groupedconv_1", “Padding”’, “same”)

swishLayer (“Name”, “swish_1")

groupedConvolution2dLayer ([1 11,2, “channel-wise”,

[ »

, “groupedconv_27,

“Name

2

Padding”, “same”)
batchNormalizationLayer (“Name”, “batchnorm_27)
groupedConvolution2dLayer ([1 1],1,“channel-wise”,

G

“Name”,

“Name

o

groupedconv_3", “Padding”,
swish_27)
convolution2dLayer ([1
11,96, “Name”, “conv_1", “Padding”, “same”) ] ;
lgraph = addLayers (1lgraph, tempLayers) ;
tempLayers = additionLayer (2, “Name”, “addition”) ;
lgraph = addLayers (1lgraph, tempLayers) ;

same”)

LIS

swishLayer (“Name”,

tempLayers = [
groupedConvolution2dLayer ([3 31,1, “channel-wise”,
“Name”, “groupedconv_4", “Padding”, “same”)

batchNormalizationLayer (“Name”, “batchnorm_3")
groupedConvolution2dLayer ([1 11,2, “channel-wise”,

[T

“Name”,

o«

groupedconv_5", “Padding”,
swish_3”)
groupedConvolution2dLayer ([1 11,2, “channel-wise”,

same”)

LIS

swishLayer (“Name”,

(LT

“Name”, “groupedconv_6", “Padding”, “same”)
7, “batchnorm 4”)

batchNormalizationLayer (“Name”,
groupedConvolution2dLayer ([1 11,1, “channel-wise”,
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» »

, “groupedconv_77,

(LT

swishLayer (“Name”,

o«

Padding”,
swish_4")
convolution2dLayer ([1
11,96, “Name”, “conv_2", “Padding”, “same”) ] ;
lgraph = addLayers (lgraph, tempLayers) ;
tempLayers = additionLayer (2, “Name”, “addition_1") ;
lgraph = addLayers (lgraph, tempLayers) ;

“Name same”)

tempLayers = [
groupedConvolution2dLayer ([3 3],1, “channel-wise”,
“Name”, “groupedconv_8", “Padding”, “same”)

batchNormalizationLayer (“Name”, “batchnorm_5")
groupedConvolution2dLayer ([1 1],2, “channel-wise”,

» »

, “groupedconv_9”7,

(LT

swishLayer (“Name”,

o«

Padding”,
swish_57)
groupedConvolution2dLayer ([1 11,2, “channel-wise”,

» o«

“Name”,

“Name same”)

G

groupedconv_10", “Padding”,
batchNormalizationLayer (“Name”,

same”)
batchnorm_6")
groupedConvolution2dLayer ([1 11,1, “channel-wise”,

“Name”,“ same”)

G

groupedconv_11", “Padding”,
swishLayer (“Name”, “swish_6")
convolution2dLayer ([1

11,96, “Name”, “conv_3", “Padding”, “same”) ] ;

LIS

lgraph = addLayers (lgraph, tempLayers) ;

tempLayers = additionLayer (2, “Name”, “addition_2”) ;
lgraph = addLayers (lgraph, tempLayers) ;

tempLayers = sigmoidLayer (“Name”, “sigmoid”) ;
lgraph = addLayers (lgraph, tempLayers) ;

G

tempLayers = sigmoidLayer (“Name”, “sigmoid_17) ;
lgraph = addLayers (lgraph, tempLayers) ;
tempLayers = multiplicationLayer (2, “Name”,

cation”) ;

multipli

lgraph = addLayers (lgraph, tempLayers) ;
tempLayers = [
depthConcatenationLayer (2, “Name”, “depthcat”)
averagePooling2dLayer ([2
“Padding”, “same”, “Stride”, [2 2])
groupedConvolution2dLayer ([1 11,1, “channel-wise”,
“Name”, “groupedconv_12", “Padding”, “same”)
batchNormalizationLayer (“Name”,
swishLayer (“Name”, “swish_77)1;
lgraph = addLayers (lgraph, tempLayers) ;
tempLayers = [
groupedConvolution2dLayer ([3 3],1, “channel-wise”,
7, “groupedconv_13", “Padding”, “same”)
batchNormalizationLayer (“Name”, “batchnorm_8")
groupedConvolution2dLayer ([1 11,2, “channel-wise”,

» »

, “groupedconv_147,

LI

swishLayer (“Name”,

21, “Name”, “avgpool2d”,

batchnorm_7")

“Name

»

Padding”,

swish_8")
groupedConvolution2dLayer ([1 11,2, “channel-wise”,

“Name”, “groupedconv_15", “Padding”, “same”)

batchNormalizationLayer (“Name”,

“Name same”)

batchnorm_97)
groupedConvolution2dLayer ([1 11,1, “channel-wise”,

» o«

“Name”,

G

groupedconv_16", “Padding”,
swishLayer (“Name”, “swish_9”)
convolution2dLayer ([1

11,192, “Name”, “conv_4", “Padding”, “same”) ] ;

LIS

same”)

lgraph = addLayers (lgraph, tempLayers) ;

tempLayers = additionLayer (2, “Name”, “addition_3") ;

lgraph = addLayers (lgraph, tempLayers) ;

tempLayers = [
groupedConvolution2dLayer ([3 31,1, “channel-wise”,

“Name”, “groupedconv_17", “Padding”, “same”)

batchNormalizationLayer (“Name”, “batchnorm_10")
groupedConvolution2dLayer ([1 11,2, “channel-wise”,

“Name”,“ same”)

G LIS

groupedconv_18", “Padding”,
swishLayer (“Name”, “swish_10")
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groupedConvolution2dLayer ([1 11,2, “channel-wise”,

(LT G

“Name”, “groupedconv_19”, “Padding”, “same”)

batchNormalizationLayer (“Name”, “batchnorm_11")
groupedConvolution2dLayer ([1 11,1, “channel-wise”,

“Name”, “groupedconv_20", “Padding”, “same”)

swishLayer (“Name”, “swish_11")
convolution2dLayer ([1

11,192, “Name”, “conv_5", “Padding”, “same”) ] ;

lgraph = addLayers (1lgraph, tempLayers) ;
tempLayers = additionLayer (2, “Name”, “addition_4") ;
lgraph = addLayers (lgraph, tempLayers) ;
tempLayers = [
groupedConvolution2dLayer ([3 31,1, “channel-wise”,

(LT G

“Name”, “groupedconv_21", “Padding”, “same”)

batchNormalizationLayer (“Name”, “batchnorm_12")
groupedConvolution2dLayer ([1 11,2, “channel-wise”,

“Name”, “groupedconv_22", “Padding”, “same”)

swishLayer (“Name”, “swish_12")
groupedConvolution2dLayer ([1 11,2, “channel-wise”,

[ » LTI

Padding”, “same”)
batchNormalizationLayer (“Name”, “batchnorm_13")
groupedConvolution2dLayer ([1 1],1,“channel-wise”,

[

“Name”, “groupedconv_24", “Padding”, “same”)

swishLayer (“Name”, “swish_13")
convolution2dLayer ([1

11,192, “Name”, “conv_6", “Padding”, “same”) ] ;

lgraph = addLayers (1lgraph, tempLayers) ;

tempLayers = additionLayer (2, “Name”, “addition_5") ;
lgraph = addLayers (1lgraph, tempLayers) ;

tempLayers = sigmoidLayer (“Name”, “sigmoid_2") ;
lgraph = addLayers (1lgraph, tempLayers) ;

tempLayers = sigmoidLayer (“Name”, “sigmoid_3") ;
lgraph = addLayers (lgraph, tempLayers) ;

EOT

tempLayers = multiplicationLayer (2, “Name”, “multipli

cation_17);

lgraph = addLayers (1lgraph, tempLayers) ;
tempLayers = [
depthConcatenationLayer (2, “Name”, “depthcat_1")

[

averagePooling2dLayer ([2 2], “Name”, “avgpool2d_17,

“Padding”, “same”, “Stride”, [2 2])

groupedConvolution2dLayer ([1 1],1,“channel-wise”,

[ » G

Padding”, “same”)
batchNormalizationLayer (“Name”, “batchnorm_14")
swishLayer (“Name”, “swish_14")1;

lgraph = addLayers (lgraph, tempLayers) ;

tempLayers = [
groupedConvolution2dLayer ([3 31,1, “channel-wise”,

[T ”» LTS

“Name”, “groupedconv_26", “Padding”, “same”)

batchNormalizationLayer (“Name”, “batchnorm_15")
groupedConvolution2dLayer ([1 1],2, “channel-wise”,

“Name”, “groupedconv_27", “Padding”, “same”)

swishLayer (“Name”, “swish_15")
groupedConvolution2dLayer ([1 11,2, “channel-wise”,

o« » G

Padding”, “same”)
batchNormalizationLayer (“Name”, “batchnorm_16")
groupedConvolution2dLayer ([1 11,1, “channel-wise”,

[ LTI

“Name”, “groupedconv_29”, “Padding”, “same”)

swishLayer (“Name”, “swish_16")
convolution2dLayer ([1

1]1,384,“Name”, “conv_7", “Padding”, “same”) ] ;

lgraph = addLayers (1lgraph, tempLayers) ;
tempLayers = additionLayer (2, “Name”, “addition_6") ;
lgraph = addLayers (1lgraph, tempLayers) ;
tempLayers = [
groupedConvolution2dLayer ([3 31,1, “channel-wise”,

[ » 2

Padding”, “same”)

“Name”, “groupedconv_31",

“Name”, “groupedconv_32",

“Name”, “groupedconv_34",

“Name”, “groupedconv_37",

“Name”, “groupedconv_38",

“Name”, “groupedconv_41",

“Name”, “groupedconv_42",
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batchNormalizationLayer (“Name”, “batchnorm_17")
groupedConvolution2dLayer ([1 1],2, “channel-wise”,

» » 2

Padding”, “same”)
swishLayer (“Name”, “swish_17")
groupedConvolution2dLayer ([1 11,2, “channel-wise”,

» » LTI

Padding”, “same”)
batchNormalizationLayer (“Name”, “batchnorm_18")
groupedConvolution2dLayer ([1 11,1, “channel-wise”,

» LTS

“Name”, “groupedconv_33", “Padding”, “same”)

swishLayer (“Name”, “swish_18")
convolution2dLayer ([1

11,384 ,“Name”, “conv_8", “Padding”, “same”) ] ;

lgraph = addLayers (lgraph, tempLayers) ;
tempLayers = additionLayer (2, “Name”, “addition_7") ;
lgraph = addLayers (lgraph, tempLayers) ;
tempLayers = [
groupedConvolution2dLayer ([3 31,1, “channel-wise”,

» » 2

Padding”, “same”)
batchNormalizationLayer (“Name”, “batchnorm_19”)
groupedConvolution2dLayer ([1 11,2, “channel-wise”,

» o« ” LTS

“Name”, “groupedconv_35", “Padding”, “same”)

swishLayer (“Name”, “swish_19")
groupedConvolution2dLayer ([1 11,2, “channel-wise”,

» o« ” G LIS

“Name”, “groupedconv_36", “Padding”, “same”)

batchNormalizationLayer (“Name”, “batchnorm_20")
groupedConvolution2dLayer ([1 1],1, “channel-wise”,

EOT G 2

Padding”, “same”)
swishLayer (“Name”, “swish_20")
convolution2dLayer ([1

11,384, “Name”, “conv_9”, “Padding”, “same”) ] ;

lgraph = addLayers (lgraph, tempLayers) ;

tempLayers = additionLayer (2, “Name”, “addition_8") ;
lgraph = addLayers (lgraph, tempLayers) ;

tempLayers = sigmoidLayer (“Name”, “sigmoid_4") ;
lgraph = addLayers (lgraph, tempLayers) ;

tempLayers = sigmoidLayer (“Name”, “sigmoid_5") ;
lgraph = addLayers (lgraph, tempLayers) ;

tempLayers = multiplicationLayer (2, “Name”, “multipli

cation_27”);

lgraph = addLayers (lgraph, tempLayers) ;
tempLayers = [
depthConcatenationLayer (2, “Name”, “depthcat_2")

(LTS

averagePooling2dLayer ([2 2], “Name”, “avgpool2d_27,

“Padding”, “same”, “Stride”, [2 2])

groupedConvolution2dLayer ([1 11,1, “channel-wise”,

LT G 2

Padding”, “same”)
batchNormalizationLayer (“Name”, “batchnorm_21")
swishLayer (“Name”, “swish_21")1;

lgraph = addLayers (lgraph, tempLayers) ;

tempLayers = [
groupedConvolution2dLayer ([3 31,1, “channel-wise”,

» LTI

“Name”, “groupedconv_39”, “Padding”, “same”)

batchNormalizationLayer (“Name”, “batchnorm_22")
groupedConvolution2dLayer ([1 11,2, “channel-wise”,

» o« LTS

“Name”, “groupedconv_40", “Padding”, “same”)

2

swishLayer (“Name”, “swish_22")
groupedConvolution2dLayer ([1 11,2, “channel-wise”,

ECT » 2

Padding”, “same”)
batchNormalizationLayer (“Name”, “batchnorm_23")
groupedConvolution2dLayer ([1 11,1, “channel-wise”,

» » 2

Padding”, “same”)
swishLayer (“Name”, “swish_23")
convolution2dLayer ([1

11,768, “Name”, “conv_10", “Padding”, “same”) ] ;

lgraph = addLayers (lgraph, tempLayers) ;
tempLayers = additionLayer (2, “Name”, “addition_9”) ;
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lgraph = addLayers (1lgraph, tempLayers) ;
tempLayers = [
groupedConvolution2dLayer ([3 31,1, “channel-wise”,

G

“Name”,

LTI

groupedconv_43”, “Padding”, “same”)
batchNormalizationLayer (“Name”, “batchnorm_24")
groupedConvolution2dLayer ([1 11,2, “channel-wise”,
“Name”, “groupedconv_44",“Padding”, “same”)
swishLayer (“Name”, “swish_24")
groupedConvolution2dLayer ([1 1],2, “channel-wise”,
“Name”, “groupedconv_45", “Padding”, “same”)
batchNormalizationLayer (“Name”, “batchnorm_25")
groupedConvolution2dLayer ([1 1],1,“channel-wise”,
”, “groupedconv_46", “Padding”,
swishLayer (“Name”, “swish_25")
convolution2dLayer ([1
11,768, “Name”, “conv_11", “Padding”, “same”) 1 ;
lgraph = addLayers (1lgraph, tempLayers) ;
tempLayers = additionLayer (2, “Name”, “addition_107) ;
lgraph = addLayers (1lgraph, tempLayers) ;
tempLayers = [
groupedConvolution2dLayer ([3 3],1, “channel-wise”,
“Name”, “groupedconv_47”,“Padding”, “same”)
batchNormalizationLayer (“Name”, “batchnorm_26")
groupedConvolution2dLayer ([1 11,2, “channel-wise”,
”, “groupedconv_48", “Padding”,
swishLayer (“Name”, “swish_26")
groupedConvolution2dLayer ([1 11,2, “channel-wise”,

G

“Name”,

“Name same”)

“Name same”)

LTI

groupedconv_49”, “Padding”,
batchNormalizationLayer (“Name”, “batchnorm_27")
groupedConvolution2dLayer ([1 11,1, “channel-wise”,

“Name”,“ same”)

same”)

o

groupedconv_507, “Padding”,
swishLayer (“Name”, “swish_27")
convolution2dLayer ([1
1]1,768,“Name”, “conv_12", “Padding”, “same”) ] ;
lgraph = addLayers (1lgraph, tempLayers) ;
tempLayers = additionLayer (2, “Name”, “addition_11") ;
lgraph = addLayers (1lgraph, tempLayers) ;
tempLayers = sigmoidLayer (“Name”, “sigmoid_6") ;
lgraph = addLayers (1lgraph, tempLayers) ;
tempLayers = sigmoidLayer (“Name”, “
lgraph = addLayers (1lgraph, tempLayers) ;
tempLayers = multiplicationLayer (2, “Name”,
cation_37);
lgraph = addLayers (1lgraph, tempLayers) ;
tempLayers = [
depthConcatenationLayer (2, “Name”, “depthcat_3")
groupedConvolution2dLayer ([1 11,1, “channel-wise”,
“Name”, “groupedconv_51", “Padding”, “same”)
batchNormalizationLayer (“Name”, “batchnorm_28”)
swishLayer (“Name”, “swish_28")
globalAveragePooling2dLayer (“Name”,
fullyConnectedLayer (256, “Name”, “fc”)
dropoutLayer (0.5, “Name”, “dropout”)
fullyConnectedLayer (4, “Name”, “fc_1")
softmaxLayer (“Name”, “softmax”)
classificationLayer (“Name”, “classoutput”)];
lgraph = addLayers (lgraph, tempLayers) ;

% clean up helper variable
clear templLayers;

sigmoid_77) ;

multipli

gapool”)

iii Connect Layer Branches

Connect all the branches of the network to create the network graph.
lgraph =
7)

connectLayers (lgraph, “swish”, “groupedconv

lgraph = connectlLayers (lgraph, “swish”,“addition/

13
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inl”) ;

lgraph = connectLayers (lgraph, “conv_1",“addition/
in2”);

lgraph = connectlLayers (lgraph,“addition”, “grouped
conv_47) ;

lgraph = connectLayers (lgraph, “addition”, “addi-
tion_1/in2”);

lgraph = connectLayers (lgraph, “addition”,
“sigmoid”) ;

lgraph = connectLayers (lgraph, “conv_2",“addition_1/
inl”);

lgraph = connectLayers (lgraph, “addition_1", “grouped
conv_8") ;

lgraph = connectLayers (lgraph,“addition_1",“addi-
tion_2/in2”) ;
lgraph = connectLayers (lgraph, “addition_1",

“sigmoid_17) ;
lgraph = connectLayers (lgraph, “conv_3",“addition_2/
inl”);

lgraph = connectlLayers (lgraph, “addition_2”,“depth-
cat/inl”);

lgraph = connectlLayers (lgraph, “sigmoid”, “multipli-
cation/inl”) ;

lgraph = connectlLayers (lgraph,“sigmoid_1", “multi-
plication/in2”);

lgraph = connectLayers (lgraph, “multiplica-
tion”, “depthcat/in2”) ;

lgraph = connectLayers (lgraph, “swish_7”, “grouped
conv_13") ;

lgraph = connectLayers (lgraph, “swish_7”, “addi-

tion_3/inl”);

lgraph = connectLayers (lgraph, “conv_4",“addition_3/
in2”);

lgraph = connectLayers (lgraph, “addition_3
conv_177);

lgraph =
tion_4/in2”) ;

lgraph = connectLayers (lgraph, “addition_3”, “sigmoid

27);

» <

, “grouped

connectLayers (lgraph, “addition_3”, “addi-

lgraph = connectLayers (lgraph, “conv_5",“addition_4/
inl”);

lgraph = connectLayers (lgraph, “addition_4", “grouped
conv_21");

lgraph = connectlLayers (lgraph,“addition_4”,“addi-

tion_5/in2”) ;

lgraph = connectLayers (lgraph, “addition_47,*
_37);

lgraph = connectLayers (lgraph, “conv_6",“addition_5/

sigmoid

inl”) ;

lgraph = connectLayers (lgraph, “addition_5", “depth-
cat_1/inl”);

lgraph = connectlLayers (lgraph, “sigmoid_27,“multi-
plication_1/inl”);

lgraph = connectlLayers (lgraph, “sigmoid_3",“multi-
plication_1/in2”);

lgraph = connectLayers (lgraph, “multiplica-
tion_1",“depthcat_1/in2”);

lgraph = connectlLayers (lgraph,“swish_14",“grouped
conv_267) ;

lgraph = connectLayers (lgraph, “swish_14",“addi-

tion_6/inl”) ;
lgraph = connectLayers (lgraph, “conv_7”,“addition_6/
in2”);

lgraph = connectLayers (lgraph, “addition_6", “grouped
conv_307);
lgraph = connectLayers
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(lgraph, “addition_6",“addition_7/in2”) ;

lgraph connectLayers (lgraph, “addition_6",
“sigmoid_47) ;

lgraph = connectLayers (lgraph, “conv_8",“addition_7/
inl”);

lgraph = connectLayers (lgraph, “addition_7”, “grouped
conv_34") ;

lgraph
tion_8/in2”) ;

lgraph = connectLayers (lgraph, “addition_7",“
_57);

lgraph = connectLayers (lgraph, “conv_9”,“addition_8/
inl”) ;

connectLayers (1lgraph, “addition_7”, “addi-

sigmoid

lgraph = connectLayers (lgraph, “addition_8", “depth-
cat_2/inl”);

lgraph = connectLayers (lgraph, “sigmoid_47,“multi-
plication_2/inl”);

lgraph = connectLayers (lgraph, “sigmoid_5",“multi-
plication_2/in2”);

lgraph = connectLayers (lgraph, “multiplica-
tion_27,“depthcat_2/in2”);

lgraph = connectLayers (lgraph, “swish_21", “grouped
conv_397);

lgraph = connectLayers (lgraph, “swish_21”, “addi-
tion_9/inl”);

lgraph = connectLayers (lgraph, “conv_10", “addi-

tion_9/in2”);
lgraph = connectLayers (lgraph, “addition_9”, “grouped
conv_437) ;

lgraph = connectLayers (lgraph,“addition_9”,“addi-
tion_10/in2”) ;

lgraph = connectLayers (lgraph, “addition_9”,
“sigmoid_6") ;

lgraph = connectLayers (1lgraph, “conv_11", “addi-
tion_10/inl”);

lgraph = connectLayers (lgraph, “addition_10",
“groupedconv_47") ;

lgraph = connectLayers (lgraph, “addition_10", “addi-
tion_11/in2”);

lgraph = connectLayers (lgraph, “addition_10",
“sigmoid_77) ;

lgraph = connectLayers (lgraph, “conv_12", “addi-

tion_11/inl”);

lgraph = connectLayers (lgraph, “addition_11", “depth-
cat_3/inl”);

lgraph
plication_3/inl”);

lgraph connectLayers (1lgraph, “sigmoid_77, “multi-
plication_3/in2”);

lgraph connectLayers (lgraph, “multiplica-
tion_3”,“depthcat_3/in2”) ;

”» <

connectLayers (1lgraph, “sigmoid_6", “multi-

iv Plot Layers
plot (lgraph) ;
Data availability
We used open data from Kaggle
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