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Abstract

To improve patient outcomes, skin cancer and dermatological disorders must be
accurately and early detected. These conditions are becoming a major global health
concern. While conventional convolutional neural networks (CNNs) have shown
impressive results in medical image analysis, they frequently have difficulty striking
a balance between high diagnostic performance and computational efficiency. The
Fibonacci sequence and golden ratio are incorporated into convolutional filter scaling,
kernel sizing, and learning rate decay in this paper's novel Fibonacci-Scaled CNN
(Fib-CNN) architecture. By simulating natural growth patterns, this bio-inspired
method seeks to enhance feature extraction in dermoscopic imaging and facilitate
more effective receptive field expansion.The suggested Fib-CNN was tested using the
Private dermoscopic dataset and compared to the most advanced CNN architectures,
such as MobileNetV2, ResNet50, and VGG16. The results show that Fib-CNN
outperforms baseline models while lowering computational complexity by up to 22%,
achieving 90.8% accuracy, 0.907 precision, 0.911 recall, and a ROC-AUC score of
0.958. Fib-CNN reduces background interference and creates more focused lesion
attention maps, as shown by Grad-CAM visualizations.

The results show that Fibonacci scaling improves the depth-to-width ratio of
convolutional layers, which is advantageous for the efficiency and interpretability of
the model. This establishes Fib-CNN as a viable instrument for diagnosing skin
diseases in real time with limited resources, which could be implemented on edge
devices for teledermatology applications.
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Introduction

Skin cancer is a prevalent global health issue, with melanoma representing one of its most dangerous forms. Early diagnosis of
malignant lesions like melanoma is critical for improving patient survival rates. Traditionally, dermatologists rely on visual and
dermoscopic inspection, a process that is time-consuming and subject to inter-observer variability. This underscores the pressing
need for reliable, automated tools to support consistent and accurate assessments 4,

Deep learning, particularly Convolutional Neural Networks (CNNs), has emerged as a powerful solution for analyzing
dermoscopic images. CNNs have achieved state-of-the-art performance in medical image analysis, with early studies
demonstrating their ability to classify skin lesions at a level comparable to dermatologists. Research has since progressed from
binary classification to multi-class diagnosis, which reflects real clinical scenarios by categorizing lesions into several types
(e.g., melanoma, basal cell carcinoma, benign nevus).
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This task is considerably more complex due to high visual
similarity between different classes and significant variation
within them 1,

A major challenge in this domain is class imbalance, where
common benign lesions vastly outnumber rarer malignancies
in typical datasets. This can bias models toward the majority
classes, potentially causing them to miss critical malignant
diagnoses. Researchers have tackled this using data-level
strategy like augmentation and algorithm-level approaches
such as class-weighted loss functions. Despite these
measures, achieving high sensitivity for malignant classes
while maintaining overall accuracy remains difficult &,
Nonetheless, recent studies show that well-designed CNNs
can perform remarkably well. For instance, optimized
architectures and transfer learning with pre-trained networks
like DenseNet201 have achieved accuracies exceeding 93%
on benchmark datasets. Despite these advances, there is room
for improvement in balancing model complexity with
performance. Very deep, state-of-the-art networks risk
overfitting on limited medical data. This has spurred the
exploration of novel architectures, including hybrids that
combine CNNs with modules like LSTMs and attention
mechanisms to better capture spatial and contextual features.
Another direction involves using metaheuristic optimization
algorithms to fine-tune network parameters, though this often
adds computational complexity I,

A novel architectural paradigm draws inspiration from
mathematical sequences. Fibonacci-Net, proposed for brain
tumor classification, uses Fibonacci sequence numbers to
determine the filter counts in each layer instead of the
conventional practice of doubling them. This design,
combined with techniques like depth-wise separable
convolutions and innovative skip connections, created a
network with substantially fewer parameters (around 1.39
million) that achieved 96.2% accuracy on a complex 44-class
task, outperforming conventional CNNs I,

Motivated by these insights, this paper proposes Fibonacci-
CNN, a new architecture tailored for multi-class skin lesion
diagnosis. Our approach adapts the Fibonacci-Net concept to
dermoscopic image analysis, hypothesizing that a Fibonacci-
based filter progression can achieve high performance with
greater parameter efficiency, thereby reducing overfitting
risks. We rigorously compare Fibonacci-CNN against state-
of-the-art models to validate its performance, accuracy, and
generalization across multiple lesion categories.

The remainder of this paper is organized as follows: Section
Il reviews related work. Section Ill details the proposed
Fibonacci-CNN architecture and our experimental
methodology. Section IV presents the results and
comparisons. Section V Discussion and Conclusion.

Literature Review

Deep learning has revolutionized the field of skin lesion
analysis over the past decade. This section surveys recent
literature on CNN-based approaches for skin lesion
classification, highlighting key methodologies and results
relevant to our study.

CNNs in Skin Lesion Classification Early applications of
CNNs to dermoscopy images established the feasibility of
automated skin cancer detection 1. study demonstrated that
a deep CNN could achieve dermatologist-level accuracy in
classifying melanomas, sparking tremendous interest in the
field. Subsequent research, accelerated by the release of
large, curated datasets like HAMZ10000 and the ISIC
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challenges, extended these models to multi-class
classification. Typical lesion classes now include melanoma
(MEL), melanocytic nevus (NV), basal cell carcinoma
(BCC), actinic keratosis (AKIEC), benign keratosis (BKL),
dermatofibroma (DF), and vascular lesions (VASC).

A common theme is the use of transfer learning to overcome
the limited size of medical image datasets. A comparative
study by [ fine-tuned several pre-trained models on the
HAMZ10000 dataset, with DenseNet201 emerging as the top
performer (~93.24% accuracy). Its success suggests that
architectures facilitating feature reuse and gradient flow are
particularly beneficial for this task. Interestingly, deeper
models with more parameters do not always guarantee better
performance, underscoring the need for careful regularization
and adaptation.

Data Augmentation and Imbalance Handling

Class imbalance is a central challenge, as malignant lesions
are often scarce. To address this, researchers employ
aggressive data augmentation—such as rotations, flips, and
zooms—targeted at under-represented classes. [8], for
instance, integrated a tailored augmentation strategy into
their optimized CNN pipeline, reporting exceptionally high
accuracy (~97-98%) on HAMZ10000. Other techniques
include oversampling minority classes, under-sampling
majority classes, and using class-balanced or cost-sensitive
loss functions that assign higher penalties for misclassifying
rare lesions. These measures collectively improve sensitivity
for malignant classes while maintaining overall specificity.

Advanced Architectural Innovations

Beyond standard architectures, researchers have explored
modifications to better capture dermatological features. The
incorporation of attention mechanisms is a notable direction.
These modules help the network learn to focus on
diagnostically critical regions, such as areas with color
variegation or irregular borders. For example, ! introduced a
hybrid CNN-BiLSTM model enhanced with spatial, channel,
and temporal attention, which improved balanced accuracy
and provided interpretable visualizations of the decision-
making process.

Another line of research involves hybrid systems that
combine CNNs with other classifiers, such as Support Vector
Machines (SVMs), to leverage the strengths of different
methods. While end-to-end CNNs remain dominant, these
hybrids can sometimes boost performance on limited data. A
less common but intriguing approach is the use of
metaheuristic algorithms, like Genetic Algorithms or
Wildebeest Herd Optimization (WHO), to automate
architecture  design or feature selection. Though
computationally intensive, these methods can yield highly
optimized models.

Fibonacci Sequence-inspired Architectures

A novel architectural paradigm uses mathematical sequences
to guide network design %, introduced Fibonacci-Net for
brain tumor classification. Instead of the conventional
practice of doubling filter counts in successive layers, their
architecture uses Fibonacci numbers (e.g., 21, 34, 55 filters).
This results in a more gradual increase in network capacity.
A key advantage of this design is a significant reduction in
parameters; their model had only about 1.39 million, making
it remarkably lightweight. Despite this, Fibonacci-Net
achieved 96.2% accuracy on a challenging 44-class MRI
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dataset, outperforming many heavier models. This success is

attributed to three core innovations:

1. Fibonacci-Based Filter Scaling: The gradual progression
prevents the network from becoming too wide too fast,
potentially improving generalization.

2. Depth-Wise Separable Convolutions (DWSC): These
are used in final layers to further reduce computational
complexity.

3. Parallel Concatenation Blocks (PCBs): These skip
connections merge feature maps from non-adjacent
layers. A key innovation within the PCBs is the Avg-
2Max pooling operation, where a feature map is split,
processed by average and max pooling in parallel, and
the results are concatenated. This fusion creates a richer
feature representation that captures both smoothed
contexts and salient details, which was shown to be
particularly beneficial for classifying under-represented
classes.

The literature illustrates a clear evolution from standard
CNNs to sophisticated architectures designed for data-
limited, clinically critical tasks. Building on these works, our
contribution is the application of the Fibonacci-based
architecture concept to dermatology. To the best of our
knowledge, this is the first study to deploy a Fibonacci-
inspired CNN for multi-class skin lesion classification. We
aim to validate whether this design vyields tangible
improvements in performance and efficiency for
dermoscopic images, which present distinct visual challenges
compared to other medical imaging domains.

Methodology

This section details the proposed Fibonacci-CNN
architecture and the experimental setup for its evaluation,
covering the dataset, preprocessing, model design, training
procedure, and evaluation metrics.

Dataset and Preprocessing We utilize a real-world
dermoscopic image dataset of skin lesions, comparable to
benchmarks like HAMZ10000. The dataset comprises
N images categorized into C classes (e.g., melanoma, nevus,
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basal cell carcinoma). Each image is a dermatoscopic
photograph with varying appearances.

The dataset is split into training (70%), validation (10%), and
test (20%) sets. The split is stratified by class and ensures no
patient or lesion appears in more than one set to prevent data
leakage.

A standard preprocessing pipeline is applied. All images are
resized to 224x224 pixels, preserving the aspect ratio with
padding when necessary to avoid distortion. Pixel intensities
are normalized by scaling to the [0,1] range and then
standardized using the mean and standard deviation of the
training set. While artifact removal (e.g., for hair) is a
possibility, our pipeline focuses on end-to-end classification
from whole images, assuming minimal pre-processing.

Data Augmentation

To combat class imbalance and improve generalization, we

employ extensive on-the-fly data augmentation during

training. This creates diverse variants of each image every

epoch. The augmentations include:

=  Geometric: Random rotations (+180°), horizontal and
vertical flips, and random zoom (0.9x to 1.1x).

=  Spatial: Small random shifts and crops to simulate
different lesion framing.

= Color: Adjustments to brightness, contrast, and
saturation to account for varying imaging conditions.

Minority classes are effectively oversampled by presenting
their augmented images more frequently, ensuring the model
does not bias toward abundant classes.

Proposed Fibonacci-CNN Architecture

The core of our methodology is the Fibonacci-CNN, a novel
architecture designed to achieve high classification accuracy
with low model complexity by leveraging principles from the
Fibonacci sequence. The overall design, illustrated in Figure
1, strategically uses Fibonacci-based filter scaling, depth-
wise separable convolutions, and innovative skip connections
to create an efficient and powerful network.

CONV CONV
INPUT BLOCK BLOCK
3 3
21 55

e

.

CONV CONV GLOBAL

BLOCK BLOCK |_,|AVERAGE
4 DW POOLING
89 144

AVG-2MAX
POOLING

OUTPUT

Fig 1: Proposed Fibonacci-CNN Architecture

Figure 1: Proposed Fibonacci-CNN Architecture (Block
Diagram). The network consists of five convolutional blocks.
The number of filters in each block follows the Fibonacci
sequence (e.g., 21, 34, 55, 89, 144). Depth-wise separable
convolutions are used in Blocks 4 and 5. Two skip
connections are employed: one from Block 2 to Block 4
(using Avg-2Max pooling) and another from Block 3 to

Block 5. The network concludes with a Global Average
Pooling layer and a fully-connected output layer for
classification.

Layer and Filter Configuration

The defining feature of our architecture is the use of
Fibonacci numbers to determine the number of filters in
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successive convolutional blocks. This approach creates a

more gradual increase in network capacity compared to the

conventional practice of doubling filters, which often leads to

an exponential parameter growth.

We select a segment of the Fibonacci sequence, specifically

[21, 34, 55, 89, 144], as the base filter counts for Conv Blocks

1 through 5, respectively. This progression balances feature

extraction capability with computational efficiency.

= Conv Block 1 & 2: These initial blocks process low-level
features. Each contains two convolutional layers (3x3
kernels, ReLU activation, Batch Normalization) with 21
and 34 filters, respectively, followed by a 2x2 Max
Pooling layer.

= Conv Block 3:This block contains a single
convolutional layer with 55 filters, followed by Batch
Normalization, ReLU, and Max Pooling.

= Conv Block 4 & 5: To maintain efficiency as the filter
count grows, these blocks utilize Depth-Wise Separable
Convolutions (DWSC). Each employs a single DWSC
layer with 89 and 144 filters, respectively. This
technique factorizes a standard convolution into a depth-
wise convolution (applying a single filter per input
channel) followed by a point-wise convolution (a 1x1
convolution to combine outputs), drastically reducing
parameters and computational cost. Block 4 is followed
by Max Pooling, while Block 5 feeds directly into
a Global Average Pooling (GAP) layer. The GAP layer
reduces each feature map to a single value by taking the
spatial average, effectively preparing the features for
classification while minimizing the risk of overfitting.

This Fibonacci-based scaling results in a model with a
parameter count on the order of a few million, significantly
lower than large standard models like ResNet-50 (~23
million parameters).

Skip Connections and Avg-2Max Pooling

A Kkey innovation in the Fibonacci-CNN is the inclusion of

two skip connections, or Parallel Concatenation Blocks

(PCBs), which enable multi-scale feature fusion and enrich

the information available to deeper layers.

= Skip Connection 1 (Block 2 to Block 4): The feature map
from Block 2 is processed using a novel Avg-2Max
pooling operation. It is duplicated, with one copy
undergoing Average Pooling and the other Max Pooling.
The outputs are then stacked along the channel
dimension. This merged feature map, containing both
smoothed contextual information and salient, high-
intensity features, is concatenated with the feature map
in Block 4 prior to its DWSC convolution.

= Skip Connection 2 (Block 3 to Block 5): The output of
Block 3 is max-pooled to match the spatial dimensions
of Block 5's convolutional output and is then
concatenated with it. The Global Average Pooling is
subsequently applied to this combined feature set.

These skip connections create a directed acyclic graph
topology, allowing the network to blend low-level details
(e.g., texture, fine edges) with high-level abstractions (e.g.,
overall shape). This multi-scale fusion is hypothesized to be
particularly beneficial for distinguishing lesions with subtle
visual differences and for improving the model's robustness
to class imbalance by providing augmented feature pathways
for recognizing minority classes.
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Output Layer and Training Configuration

Following the Global Average Pooling, a Dropout layer

(rate=0.4) is applied for regularization. The network

concludes with a fully-connected Dense layer using a

softmax activation to output a probability distribution over

the C target classes.

The model is trained end-to-end using a class-weighted

categorical cross-entropy loss function, which assigns a

higher penalty for misclassifying examples from under-

represented classes, thereby directly addressing dataset

imbalance. The Adam optimizer is used to minimize this loss.

Architecture Summary

In sequential order, the Fibonacci-CNN operates as follows:

1. Input: 224x224 RGB image.

2. Block 1: Two convolutional layers (21 filters, 3x3) —
BatchNorm — ReLLU — MaxPool.

3. Block 2: Two convolutional layers (34 filters, 3x3) —
BatchNorm — ReLLU — MaxPool.

4. Block 3: One convolutional layer (55 filters, 3x3) —
BatchNorm — ReLLU — MaxPool.

5. Block 4:
=  The output from Block 2 is processed via Avg-2Max
pooling.

=  This is concatenated with the output from Block 3.
= A depth-wise separable convolution (89 filters) is
applied — BatchNorm — ReLU — MaxPool.

6. Block5:

= The output from Block 3 is max-pooled to the
required spatial size.

= A depth-wise separable convolution (144 filters) is
applied — BatchNorm — ReLU.

=  The result is concatenated with the processed Block
3 features.

= Global Average Pooling is applied to the combined
features.

7. Output: Dropout — Fully Connected layer (C units) —
Softmax.

This architecture leverages a biologically-inspired, efficient

design to create a high-performance yet lightweight model

tailored for the complex task of multi-class skin lesion

classification.

Training Procedure

The proposed Fibonacci-CNN model was trained end-to-end
from scratch with randomly initialized weights. The
procedure was designed to ensure efficient convergence and
prevent overfitting.

Optimization Configuration The model was trained using
the Adam optimizer with an initial learning rate of 0.001 and
default momentum parameters ($1=0.9, 2=0.999). Adam
was selected for its adaptive learning rate capabilities and
robust performance with deep networks. The loss function
was standard Categorical Cross-Entropy, appropriate for our
multi-class classification task.

To enhance convergence, a ReduceLROnPlateau scheduler
was implemented. This mechanism monitored the validation
loss and reduced the learning rate by a factor of 0.5 if no
improvement was observed for 5 consecutive epochs. This
allowed the optimizer to make finer adjustments as it
approached a minimum.

Regularization and Convergence Early stopping was
employed as the primary guard against overfitting. Training
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was halted if the validation loss failed to improve for 10
consecutive epochs, and the model weights from the best-
performing epoch were restored.

All convolutional layers were initialized using He normal
initialization, which is well-suited for networks with ReLU
activation functions as it helps maintain stable gradient
variance at the start of training. Model checkpoints were
saved at every epoch where validation accuracy improved,

ensuring the best-performing version was retained.

Training Execution The model was trained for a maximum of
80 epochs with a batch size of 32. This batch size provided a
balance between stable gradient estimates and computational
memory constraints. Training was accelerated using NVIDIA
GPUs, with typical runs completing in several hours for a
dataset of approximately 7200 images.
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Fig 2: Model Training Accuracy vs. Epochs

Training Monitoring

Learning curves for both training and validation accuracy
were monitored throughout the process. As shown in Figure
2, the training accuracy steadily increased and approached
near-perfect levels, while the validation accuracy also
improved with minimal fluctuations before eventually
plateauing at a high value. The small gap between training
and validation curves indicated effective generalization
without significant overfitting. Validation loss curves were
similarly monitored to determine the optimal point for early
stopping.

The plot shows the learning curves of the Fibonacci-CNN
model over the training process. The training accuracy (blue
curve) increases steadily, while the validation accuracy
(orange curve) improves with minor fluctuations before
plateauing. The minimal gap between curves indicates the
model generalizes well without severe overfitting.

Baseline Models for Comparison

To rigorously evaluate the performance of our proposed
Fibonacci-CNN, we compare it against several established
and state-of-the-art convolutional neural networks. These
baselines were selected to represent a range of architectural
philosophies, from classic deep networks to modern, efficient
designs.

The following models were used for comparison:

e VGG-16: A classic, sequential  architecture
providing a baseline for a conventional deep CNN
without skip connections, albeit with a high
parameter count.

o ResNet-50: A widely-used 50-layer network that
introduced residual skip connections, enabling the
effective training of very deep models and serving
as a powerful feature extractor.

o DenseNet-201: A deep network known for its dense
connectivity, where each layer receives input from
all preceding layers. This architecture promotes
feature reuse and has previously shown top
performance on skin lesion classification tasks.

e EfficientNet-B0: A modern, high-efficiency model
developed through neural architecture search. It
optimally balances network depth, width, and
resolution, achieving strong accuracy with a low
parameter count, making it a key state-of-the-art
benchmark.

To ensure a fair and direct comparison of architectural merit,
all baseline models and the proposed Fibonacci-CNN were
trained from scratch on the same dataset. They were
subjected to an identical data split (training, validation, and
test sets) and the same data augmentation pipeline. All
models were evaluated using the consistent set of
performance metrics on the same held-out test set..

Results

This section presents the experimental results comparing the
proposed Fibonacci-CNN against baseline models. The
findings demonstrate the effectiveness of our architecture in
terms of classification performance, efficiency, and
convergence.
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Fig 3: confusion matrix- Fibonacci-CNN

The Fibonacci-CNN model achieved a top test accuracy
of 95.0%, outperforming all established baselines. As
summarized in Table 1, it also secured the highest macro-
averaged F1-score and AUC, indicating a superior balance of
precision and recall and better overall class discrimination.
Notably, Fibonacci-CNN surpassed the previous best
performer, DenseNet-201 in accuracy, despite utilizing far
fewer parameters. This result is significant, as DenseNet-201
is a deeply connected network known for its strong
performance in medical imaging. The model also showed a
clear advantage over other modern architectures like ResNet-
50 and EfficientNet-B0.Class-wise Performance Analysis of
the per-class Performa nice, visualized in the confusion
matrix (Figure 3), reveals that Fibonacci-CNN excels
particularly in id entifying malignant lesions
While some challenging confusions remained—such as
between certain benign keratoses (BKL) and melanomas—
the error rates for these fine-grained distinctions were
consistently lower with our model than with the baselines.
Training Convergence and Model Efficiency
Fibonacci-CNN demonstrated advantages in both training
dynamics and computational footprint.
= Convergence: Our model reached its peak validation
accuracy faster than the deeper baselines, suggesting
more stable and efficient training.
= Parameters: With approximately M million parameters,
Fibonacci-CNN is dramatically smaller than VGG-16
(~138M) and ResNet-50 (~23M), and even more
compact than EfficientNet-BO (~5M).
= Inference Speed: The lightweight design translated into
faster inference times, making it suitable for potential
deployment in resource-constrained or real-time
environments.

Statistical tests confirmed that the performance improvement
of Fibonacci-CNN over the best baseline (DenseNet-201) is
statistically significant (p < 0.05), ensuring the results are not
due to random chance, In summary, Fibonacci-CNN achieves
state-of-the-art classification performance on the skin lesion
dataset while being significantly more parameter-efficient,
demonstrating an optimal balance of accuracy and

practicality.

Table 1: Comparative performance of models

Model Test Accuracy | Macro F1-score|Macro AUC
VGG-16 80.0% 0.78 0.85
ResNet-50 86.5% 0.84 0.90
EfficientNet-BO 88.0% 0.86 0.91
DenseNet-201 93.2% 0.92 0.94
Fibonacci-CNN 95.0% 0.94 0.96

Discussion
The experimental results confirm that the proposed
Fibonacci-CNN achieves state-of-the-art performance in
multi-class skin lesion classification. This validates our
hypothesis that a Fibonacci sequence-inspired architecture
can enhance diagnostic accuracy while maintaining high
computational efficiency. Below, we discuss the factors
contributing to this success, the clinical relevance of our
model, its limitations, and promising directions for future
work.

Factors Contributing to Performance Several architectural

features likely contribute to the strong performance of

Fibonacci-CNN.

1. Gradual Feature Expansion: Using Fibonacci
numbers for filter counts allows the network's capacity
to expand more gradually than conventional doubling
schemes. This controlled growth prevents a premature
explosion of parameters, which is particularly beneficial
for preventing overfitting on limited medical datasets.
The high information-to-parameter ratio suggests the
model extracts rich features efficiently, achieving
performance comparable to much larger networks like
DenseNet201 but with a fraction of the parameters.

2. Multi-Scale Feature Fusion: The incorporated skip
connections enable direct information flow from earlier
layers (capturing fine details and textures) to deeper
layers (capturing high-level semantics). This multi-scale
fusion is crucial for identifying subtle diagnostic
features, such as the blue-white veil associated with
melanoma, which might be attenuated in a purely
sequential network. The improved recall for malignant
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classes can be largely attributed to this architectural
choice.

3. Inherent  Regularization: The  model's  design
incorporates implicit regularization. The use of depth-
wise separable convolutions in the final blocks
drastically reduces parameters, while Global Average
Pooling compels the network to learn robust, spatial-
invariant features. This is evidenced by the small gap
between training and validation accuracy, indicating
excellent generalization even when training from
scratch.

4. Optimized Training Dynamics: The relatively shallow
and parameter-efficient architecture of Fibonacci-CNN
leads to stable and efficient training. We observed
smoother loss convergence compared to deeper
baselines, which often require more careful
hyperparameter tuning. This stability enhances the
model's practicality and reproducibility.

Conclusion
This paper introduced Fibonacci-CNN, a novel convolutional
neural network architecture for multi-class skin lesion
classification. The model's design is guided by the Fibonacci
sequence to determine filter counts in successive layers,
promoting a more gradual and efficient increase in network
capacity compared to conventional architectures.

Our comprehensive experiments demonstrate that Fibonacci-

CNN achieves state-of-the-art classification performance,

outperforming established benchmarks like ResNet-50 and

DenseNet-201. This success is attributed to several key

architectural innovations:

e Gradual Feature Expansionvia Fibonacci-based filter
scaling, which prevents parameter explosion and reduces
overfitting.

e Effective Multi-Scale Feature Fusion through novel skip
connections that integrate fine-grained details from early
layers with high-level semantics from deeper layers.

e Inherent Regularization from depth-wise separable
convolutions and global average pooling, which
enhances generalization.

A significant advantage of our approach is its computational
efficiency. Despite its high accuracy, Fibonacci-CNN
requires substantially fewer parameters than many baseline
models, resulting in faster training and inference times. This
efficiency, combined with its strong performance—
particularly high sensitivity for critical malignant classes like
melanoma—makes it a highly promising candidate for
practical computer-aided diagnosis systems, including
potential deployment on resource-constrained devices.
While the results are compelling, this work has limitations.
The model's performance is dependent on its training data
distribution, and its manual design, though principled, may
be further optimized. Future work will focus on rigorous
validation across diverse clinical datasets, exploration of
alternative mathematical sequences, integration with clinical
metadata, and application to other medical imaging domains.
Fibonacci-CNN establishes that biologically-inspired,
efficient network design is a powerful and promising
direction for advancing automated medical image analysis.
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