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In this study, a comparative analysis is conducted between a pre-trained SqueezeNet
v1.1 model and a modified SqueezeNet architecture integrating a dendritic neural
model (DNM) into the classifier layer for eight-class brain disease classification
using MRI images. The proposed modification replaces the standard linear classifier
with a dendritic-based processing mechanism to enhance nonlinear representation at
the classification stage. Experiments are performed on an MRI-based brain medical
image dataset, and model performance is evaluated using accuracy, precision, recall,
F1-score, and confusion matrix analysis. The results show that the SqueezeNet
model integrated with DNM achieves a significant accuracy improvement of
approximately 5%, increasing from 90.33% to 95.61%, compared to the standard
SqueezeNet model. This performance gain is accompanied by a moderate increase
in model complexity, with the parameter count rising by approximately 1.69% (from
726.6K to 738.9K) and a longer convergence time (40 epochs versus 22 epochs).
Overall, the findings indicate that incorporating DNM into a lightweight CNN
architecture such as SqueezeNet can effectively improve medical image
classification performance while maintaining reasonable computational efficiency.

This is an open access article under the CC-BY-SA license.

l. INTRODUCTION

Medical image classification plays an important role in
supporting fast and accurate disease diagnosis, thereby
assisting clinical treatment planning [1]. For example, brain
tumor diagnosis can be performed through MRI image
analysis to determine the appropriate medical intervention
[2]. Other diseases, such as Alzheimer’s, also require image-
based diagnostic methods with a high level of precision [3].
Recently, convolutional neural networks (CNNs) have been
widely used for medical image classification, including MRI
images. This is demonstrated by a study by Ahmed et al.,
which shows that CNNs are capable of classifying brain
tumor MRI images with an accuracy of up to 98%, higher than
large language models (LLMSs) such as GPT-40 (60%) and
Llama3.2-Vision (52%) [4].

Several popular CNN architectures include AlexNet,
ResNet-152, and Inception-ResNet-v2 These three models
have been evaluated on the ILSVRC-2012 benchmark
dataset, which contains more than one million images with

1,000 object classes. The evaluation results show top-5
accuracies of 80.2%, 94.04%, and 95.1%, respectively [1],
[5]. Despite their strong performance, these models are
considered large-scale CNNs due to their very high number
of parameters. Consequently, they are less suitable for
deployment on resource-constrained devices, such as mobile
devices or edge devices in medical diagnostic systems [5, 6].

To address these limitations, lightweight CNN
architectures have been developed that maintain accuracy
while using fewer parameters [7]. One such example is
SqueezeNet, which was developed as a modification of
AlexNet. SqueezeNet is designed to achieve accuracy
comparable to AlexNet but with a much smaller model size
through the introduction of the fire module mechanism. On
the ILSVRC-2012 dataset, SqueezeNet attains a top-5
accuracy of 80.4%, which is nearly equivalent to AlexNet,
while reducing the model size from 240 MB to 4.8 MB,
making SqueezeNet more suitable for deployment on devices
with limited computational resources [7, 8].
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The Dendritic Neural Model (DNM) is a neural network
model inspired by the functioning of biological neurons,
particularly the dendritic component. Unlike the linear
McCulloch-Pitts (MCP) neuron, DNM incorporates dendritic
processing mechanisms that enable the modeling of more
complex nonlinear relationships [9, 10]. Based on this
mechanism, several studies have implemented DNM within
CNN architectures for classification tasks. Du et al. integrated
DNM into ShuffleNetV2 and achieved accuracy
improvements on several medical image datasets, albeit with
an additional approximately 1.39 million parameters [11].
Furthermore, Wang et al. reported that integrating DNM into
ResNeXt resulted in an accuracy of around 99.6% on a
glaucoma MRI dataset [12]. These findings motivate further
research on the use of DNM in other CNN architectures, such
as SqueezeNet. Building upon these prior studies, the present
work will implement DNM within the SqueezeNet
architecture and then compare its performance with standard
SqueezeNet for medical image classification of brain
diseases.

Il. METHOD

The SqueezeNet architecture used in this study is version
1.1, which consists of several components, including 3 x 3
convolution layers, multiple fire modules, max pooling,
global average pooling, and 1 x 1 convolutions. The
processing pipeline from image input to predicted class labels
is divided into two stages, namely the feature extraction stage
followed by the classifier layer stage.

The feature extraction part begins with a convolution layer
called convl, which consists of 64 filters of size 3 x 3 with a
stride of 2. This layer functions to capture low-level features
such as image textures and edges. Next, there are eight fire
modules named fire2, fire3, ..., fire8, and fire9. Each fire
module consists of two main components, namely a squeeze
layer and an expand layer. The squeeze layer is implemented
using 1x1 convolutions to reduce channel dimensionality,
while the expand layer combines 1x1 and 3 X3
convolutions to enrich the learned feature representations.
Max pooling is applied after the convl, fire4, and fire8 layers
to reduce the spatial resolution of the feature maps without
discarding important information. In the classifier layer,a 1 x
1 convolution is first applied with the number of filters
adjusted to the number of target classes in the dataset,
followed by a global average pooling layer and a softmax
layer to produce a probability distribution over each class.

The DNM structure is consistently defined as consisting of
four layers, namely the synaptic layer, dendritic layer,
membrane layer, and soma layer. For each class label in this
multiclass classification task, the synaptic layer has an
activation function in which each input i-th (i = 1,2, ..., N) is
computed with respect to each dendrite j-th (j = 1,2, ..., M),
which is defined as

Yij = ReLU(k(wy;x; — qi;)) @

The activation function used is the ReLU function because
it has a time complexity of O0(1), where the
value Y;; represents all synaptic input information, with a total
of N inputs sent to each dendrite j-th, and w;; and g;; are the
weight and threshold parameters, respectively, both
initialized as random numbers in the interval [0,1). The scalar
values k are global learnable parameters (shared across all
class labels) with an initial value of 0.5. The multiplication
of w;; with x is performed in a column-wise product.

The output values produced by the synaptic layer are then
propagated to the dendritic layer by summing them over each
dendritic branch j-th, which is denoted as

N
=), @
i=1

where N denotes the number of synapses connected to the j-
th dendritic branch.

The membrane layer receives the outputs from the
dendritic layer by summing all dendritic responses into

V= izj 3)
j=1

Then, the soma layer receives the output from the
membrane layer to produce the final output of the model,
which is denoted as

0 = ReLU(ks(V — q5)) (4)

where k, and g, are learnable soma parameters initialized
within the interval [0,1).

In the standard SqueezeNet design, the final classifier stage
is essentially a linear transformation (1x1 convolution +
softmax) applied to the feature vector, which limits its ability
to capture complex patterns. By contrast, replacing this stage
with a DNM adds explicit nonlinear processing. Each input
feature first activates a synaptic nonlinearity (Eq. 1) and is
then aggregated by dendrites (Egs. 2-3) before a final
nonlinear soma activation (Eqg. 4). This multi-stage, multi-
branch  structure effectively implements high-order
combinations of the input features. Consequently, the DNM-
equipped classifier can represent more complex, nonlinear
decision boundaries and feature interactions than the simple
linear classifier can. This enriched representational capacity
helps the model better discriminate among the eight brain
disease classes. The implementation of DNM in SqueezeNet
is carried out by replacing the original classifier layer of
SqueezeNet version 1.1 with a sequence consisting of a global
average pooling layer, a flatten layer, followed by a DNM
layer, and finally a softmax layer.

The rationale for this implementation is based on the
assumption that the final output of the SqueezeNet feature
extraction stage takes the form of a set of matrices M which
is defined as
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Figure 1. Architecture of the SqueezeNet model integrated with the DNM
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where H and W denote the height and width of the feature
maps, respectively. The global average pooling (GAP)
process is then denoted as

Through this process, a vector x = (x4, x,, ..., xc) € R¢ is
obtained, which aims to reduce dimensional complexity and
summarize the set of entries in each matrix C-th into a single
representative value for that matrix. The resulting vector is
then fed into the DNM. Since all preceding convolutional
layers use the ReL.U activation function, the outputs before
global average pooling are non-negative. Consequently, the
DNM is designed such that dendritic branches in the
excitatory state respond strongly to positive input signals,
consistent with the characteristics of biological dendrites,
which receive the majority of excitatory synapses on spines
and transmit excitatory postsynaptic potentials [13, 14, 15].

I11. METHOD
In this study, several methods are employed to achieve the
final research objectives, as detailed below.
A. Dataset

The data were collected by downloading brain MRI images
from Kaggle, specifically from the repository entitled
“MCND dataset - Multi-Class Brain MRI Scans” compiled by

Ali Fatahi and Zamani Hoda. The dataset comprises 16,400
images in .jpg format, which are categorized into eight classes
as summarized in Table 1.

TABLE 1
MuULTI CLASS NEUROLOGICAL DISORDER (MCND) DATASET
Type Disease Class Name Total
Sample
Alzheimer AD-MildDemented 896
AD- 64
ModerateDemented
AD- 2240
VeryMildDemented
Brain Tumor BT-glioma 1620
BT-meningioma 1531
BT-pituitary 1740
Multiple MS 1405
Sclerosis
Normal Normal 6904
Total 16400

The dataset used in this study is available at:
https://www.kaggle.com/datasets/alifatahi/multi-class-

neurological-disorder-mcnd-dataset. As summarized in Table

1, the dataset contains 16,400 MRI images distributed across
eight diagnostic categories. The class distribution is
imbalanced: for example, the “Normal” category is the largest
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(6,904 images), whereas “AD-ModerateDemented” is the
smallest (64 images). The remaining classes include
Alzheimer’s disease at mild and very mild stages, multiple
sclerosis, and three types of brain tumor (glioma,
meningioma, and pituitary). This diverse set of conditions
ensures that the model must distinguish among multiple
neuropathologies, and the pronounced imbalance motivates
targeted strategies (e.g., weighted training and augmentation)
to ensure robust learning across all classes.

B. Data Preprocessing

To enable the model to effectively learn patterns from the
dataset, several data preprocessing steps are applied,
beginning with data splitting, in which the dataset is divided
into multiple subsets for model training. In this study, the data
are divided into three subsets, namely the training set,
validation set, and test set, with a ratio of 70:15:15 [16]. The
splitting procedure employs a stratified splitting method to
preserve the original class proportions in all three subsets,
which is crucial given the class imbalance in the dataset.
Subsequently, class weights are computed from the training
set before performing data augmentation to address class
imbalance during model training. Data augmentation is
applied to the training set to increase sample diversity through
small rotations (£15°), scaling (£10%), horizontal and/or
vertical shifts of up to +10%, and adjustments to brightness
and contrast [17]. Finally, each image in the dataset is
converted into a tensor and normalized using the mean and
standard deviation values of ImageNet-1K, in accordance
with the pre-trained weights employed.

To mitigate the class imbalance during training, class
weights proportional to the inverse class frequencies were
computed on the training subset. Data augmentation was then
applied only to the training set, including random small
rotations (x15°), scaling (x10%), translations (£10%), and
adjustments to image brightness and contrast. These
augmentations increase the diversity of training samples
without altering the validation or test sets. The 70:15:15
stratified split ensures each subset maintains the original class
proportions, allowing a held-out validation set for
hyperparameter tuning and early stopping and a separate test
set for unbiased evaluation.

C. Class Imbalanced Handling

Class imbalance refers to a condition in which the
distribution of samples across classes is significantly uneven.
In some cases, one or more classes contain far fewer samples
than the others, causing the model to become biased toward
the majority class and to exhibit poor predictive performance
on the minority class. Therefore, special strategies are
required at the data preprocessing stage to ensure that the
model can learn from the data in a more balanced manner.
Suppose there is a dataset with K classes, where the number
of samples in the k-th class is denoted by n,, and the total
number of samples is denoted by N. The class weight assigned

to the k-th class using the inverse class frequency method is
denoted by

N
K-nk

©)

Wi =

Then, since one of the classes receives an excessively
large weight, the interquartile range (IQR) method is
employed by defining the lower bound of the value range
as LB =Q; —1.5xIQR and the upper bound as UB =
Q5 + 1.5 X IQR. After removing these outlier values, the
remaining class weights are subsequently normalized using

Wk

Z{ilwk

sz

(6)

where this value becomes the final value that will be used as
the class weight. The value of W, is used in the loss function
during model training. The loss function employed is the
cross-entropy loss, which is denoted as

K
Leg = —zyi log(p;) (7

where y denotes the ground-truth (one-hot) label of an
image, p denotes the predicted probability (softmax output),
and K denotes the total number of classes. Equations (6) and
(7) constitute the final loss function, which is formulated as

Ltinai = WiLcg (8)

D. Pre-Trained Model

In this study, the pre-trained weights of SqueezeNet v1.1
are utilized in the feature extraction module, since pre-trained
weights for the DNM component are not yet available in
existing repositories or prior work. The model parameters are
updated using the AdamW optimizer with predetermined
hyperparameter configurations, with the objective of
minimizing the validation loss through an early stopping
mechanism to prevent overfitting. Furthermore, for the
baseline SqueezeNet v1.1 model used as a comparator, the
same pre-trained weights are applied to the entire network,
encompassing both the feature extraction stages and the final
classifier layers.

E. Hyperparameter Configuration

The hyperparameter configuration used during model
training consists of a maximum of 80 epochs with a batch size
of 64, and a fixed random seed of 42 to ensure the
reproducibility of the experimental results. The training
process is monitored using an early stopping mechanism with
a patience of 7 epochs to reduce the risk of overfitting, such
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that optimization is terminated when no further improvement
in validation performance is observed. The optimization is
carried out using the AdamW algorithm with a learning rate
of 1x107*, where the first-moment and second-moment
coefficients are set to 0.9 and 0.999, respectively, following
common practice in deep learning optimization. In addition, a
weight decay of 1x 107> is employed as a form of
regularization to enhance the model’s generalization
capability, while a small constant € = 1078 is used to
maintain numerical stability during the parameter update
steps. The loss function adopted is the weighted cross-entropy
loss as defined in Equation (8), which is widely used for
multi-class classification tasks under class-imbalanced
settings.

F. Experimental Setting and Evaluation Metrics

The experiments are conducted using a T4 GPU on a cloud
computing platform. The implementation is carried out using
Python 3 and the PyTorch framework, which provides
flexible support for deep learning model development and
training in this study. To empirically assess and compare the
performance of the models, a confusion matrix is employed
to analyze the correspondence between the model predictions
and the ground-truth labels on the testing set. In addition, the
evaluation metrics used in this study include accuracy,
precision, recall, and Fl1-score, whose mathematical
formulations are defined as

TP+TN

_ 9
ACC = TP T TN+ FN + FP ©
TP (10)
Rec = 1p TN
TP (11)
Prec=pFp
F1— 2(Prec x Rec) (12)
" Prec+ Rec

In addition, the confusion matrix is used to analyze
prediction errors in greater detail by examining the number of
true positives (TP), true negatives (TN), false positives (FP),
and false negatives (FN) for each class, which provides a
more granular view of model behavior. This analysis is
essential for understanding the model’s error patterns and for
identifying classes that remain challenging to classify
correctly.

The evaluation in this study is performed on a testing set
that is completely excluded from the training process to
ensure that the reported results reliably reflect the model’s
generalization capability to previously unseen data.

G. Sensitivity Analysis of Hyperparameter Dendrits M

In this study, various numbers of dendrites are explored in
the classification model to investigate how the dendritic

configuration influences overall performance. A detailed
analysis is conducted on the hyperparameter M, which
represents the number of dendrites in the DNM, with the
objective of identifying a setting that yields optimal model
performance.

The experimental results indicate that the model’s
performance varies as a function of M, exhibiting a pattern in
which performance initially increases and then degrades
beyond a certain point. A plausible explanation is that, as the
number of dendrites increases, the model is able to capture
more informative patterns from the data, but at the same time
the amount of noise originating from the medical images also
increases, which can adversely affect the classification
performance on the evaluated dataset.

1V. RESULT AND DISCUSSION

When revisiting the analysis of how sensitive the model
performance is to the number of dendrites used in the
architecture, the final outcomes can be examined in Table 2,
where M denotes the dendrite-related hyperparameter
selected based on the evaluation results obtained using Egs.
(9), (10), (12), and (12).

TABLE 2

PERFORMANCE OF THE MODEL UNDER VARYING NUMBERS OF DENDRITES
(WEIGHTED EVALUATION)

M Acc (%) Pre (%) Rec(%) F1(%)
1 92,11 92,25 92,11 92,02
2 95,61 95,63 95,61 95,58
4 90,89 91,75 90,89 90,97
6 85,36 87,64 85,37 85,55
8 90,49 92,06 90,49 90,65
10 | 94,92 94,94 94,92 94,88
12 191,42 91,82 91,42 91,49
14 | 87,80 89,30 87,80 88,09
16 | 91,58 92,10 91,59 91,68
18 ]91,83 91,98 91,83 91,77

The results indicate that the model in this study achieves its
best performance when using two dendrites. The detailed
comparison of model performance on the testing set between
the SqueezeNet model with and without the DNM module is
presented in Table 3, where the standard SqueezeNet is
denoted as “model A” and the best-performing SqueezeNet—
DNM variant (M = 2) is denoted as “model B.”.

TABLE 3
COMPARATIVE MODEL PERFORMANCE (WEIGHTED EVALUATION)

Acc(%) | Pre(%o) | Rec(%) | F1(%) | Param(K)
90,33 91,82 | 91,54 91,36 | 726,6
95.61 95,62 | 95,61 95,568 | 738,88

Model
A

B (M=2)

Table 3 compares the two models in terms of accuracy,
precision, recall, Fl-score, and parameter count. The
SqueezeNet-DNM  model  (Model B) consistently
outperforms the baseline SqueezeNet (Model A) across all
evaluation metrics. Specifically, Model B achieves 95.61%
accuracy, 95.62% precision, 95.61% recall, and 95.58% F1-
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score, whereas Model A attains 90.33%, 91.82%, 91.54%,
and 91.36%, respectively. These consistent improvements
indicate that the performance gains provided by the DNM
extend beyond overall accuracy and enhance class-level
prediction balance and robustness.

Although the SqueezeNet-DNM model introduces
additional parameters, resulting in an increase of 12.28K
parameters (approximately 1.69%), this growth remains
relatively modest compared to the achieved accuracy
improvement of approximately 5%. In many real-world
medical applications, particularly in clinical decision support
systems, improved diagnostic accuracy and reliability often
outweigh marginal increases in computational cost.
Moreover, despite the increase in parameter count and
convergence time, the overall complexity of SqueezeNet—
DNM remains low, making it suitable for deployment in
resource-constrained medical imaging environments while
preserving the lightweight nature of the original SqueezeNet
architecture.

Fig. 2 illustrates the training loss curves of the standard
SqueezeNet and the SqueezeNet-DNM models. Both models
exhibit a rapid decrease in loss during the initial training
epochs, indicating effective feature learning at early stages;
however, clear differences are observed in their convergence
behavior. The standard SqueezeNet converges -earlier,
reaching a stable loss plateau at approximately epoch 22,
whereas the SqueezeNet-DNM model requires a longer
training process and converges around epoch 40. Although
the SqueezeNet-DNM demonstrates slower convergence, its
loss curve remains smooth and stable without significant
oscillations, indicating a well-behaved optimization process.
The extended convergence time can be attributed to the
increased model complexity and the additional nonlinear
transformations introduced by the dendritic processing
mechanism. Nevertheless, the continued reduction in loss
beyond epoch 22 suggests that SqueezeNet-DNM enables
further refinement of decision boundaries during later training
stages, ultimately leading to improved classification
performance. These results confirm that the proposed
modification trades faster convergence for enhanced
representational capacity and higher accuracy.

Comparison Convergence (Training)

(Q Early stopping trigerred
104 [l Early stopping trigerred
—8— Squeezenet-DNM (40 epoch)
—&— Squeezenet (22 epoch)

0.8

0.6

loss.

0.4+

0.2 4

0.0+

0 5 10 15 20 25 30 35 r
Epoch
Figure 2. Training loss convergence curves of the standard SqueezeNet and
the SqueezeNet-DNM models.

Figure 3 illustrates the comparison of validation accuracy
convergence between the standard SqueezeNet and the
SqueezeNet—-DNM during training, where the horizontal axis
represents the number of epochs and the vertical axis denotes
the validation accuracy. Based on these results, the standard
SqueezeNet model reaches early stopping at the 22-nd epoch
with a maximum validation accuracy of approximately 92%,
indicating that further training would likely lead to
performance stagnation and a higher risk of overfitting. The
convergence curve of this model exhibits relatively larger
fluctuations in the early training phase, reflecting its limited
ability to stably extract more complex feature representations.

Perbandingan Konvergensi

” W
90 —_AT

Validation Accuracy
~ ~
3 &
| | I |
i
6

65
Q Early Stop Trigerred
604 [l Early Stop Trigerred
—e— Model SqueezeNet+DNM (40 Epoch)

Model SqueezeNet (22 Epoch)

55 1

0 5 10 15 20 25 30 35 40
Epoch

Figure 3. Validation accuracy convergence curves of the two different
models.

In contrast, the SqueezeNet model augmented with the
DNM exhibits a more stable and sustained convergence trend,
with early stopping occurring at the 40th epoch, indicating a
longer yet more controlled optimization process.

Figure 4 further supports these findings by depicting the
dynamics of the validation loss. The standard SqueezeNet
model reaches early stopping at the 22nd epoch with a
minimum validation loss of approximately 0.19 but shows
relatively sharp fluctuations around the convergence region,
suggesting a less stable optimization trajectory. Conversely,
the DNM-enhanced SqueezeNet demonstrates a more gradual
and stable decrease in loss up to the 40th epoch, achieving a
comparable minimum value with smaller inter-epoch
variance. From a mathematical perspective, this behavior
implies that the loss function of the DNM-based model is
associated with a smoother optimization landscape, allowing
more consistent parameter updates and leading to solutions
with improved generalization capability.
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CLASSIFICATION PERFORMANCE FOR EACH CLASS
8] ‘\. No.ldx | Class Precission | Recall | F1
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031 \ ModerateDemented
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Epoch 5 BT-pituitary 0.98 0.98 0.98
Figure 4. Validation loss convergence curves of the two different models. 6 MS 0.94 0.85 0.90
7 Normal 0.95 0.97 0.96

Subsequently, an additional evaluation is presented in the
form of the confusion matrix for the SqueezeNet model
integrated with the DNM, computed on the previously
prepared testing set.

Confusion Matrix
1000

o - 128 0 =3 0 0 0 0 4
—~- 0 7 2 0 0 0 0 0 800
- 5 0 318 0 0 0 0 13

600

True Label

- 400

- 200

~- 2 0 10 2 4 1 10

0 1 2 3 4 5 6 7
Predicted Label

Figure 4. Confusion matrix of the SqueezeNet model integrated with the
DNM

Based on Figure 4, which presents the confusion matrix of
the DNM-augmented SqueezeNet model, it can be observed
that the model is able to correctly classify most classes with a
high level of accuracy, as indicated by the dominance of
values along the main diagonal. The Normal class (index 7)
and the AD_VeryMildDemented class (index 2) exhibit the
highest number of correct predictions, suggesting that the
model can consistently capture both general patterns and
early-stage impairment.

In contrast, misclassifications still occur for classes with
overlapping visual characteristics, particularly between
AD_MildDemented (index 0) and AD_VeryMildDemented,
as well as among several brain tumor subclasses, namely
glioma (index 3), meningioma (index 4), and pituitary (index
5). This indicates that, despite the overall strong performance,
the model still encounters difficulties in distinguishing

From the confusion matrix, the precision, recall, and F1-
score values of the model are obtained for each class. These
evaluation metrics are summarized and reported in Table 4.

For future research, the dataset compiled and used in this
study has been made publicly available to support further
investigation and reproducibility. The dataset can be accessed
at  https://huggingface.co/datasets/riandika/ MCND-dataset
and may serve as a benchmark for subsequent studies on
multi-class brain disease classification using MRI images.
Future work may leverage this dataset to explore alternative
lightweight architectures, advanced biologically inspired
models, or improved training strategies, as well as to conduct
more extensive comparative analyses under unified
experimental settings.

V. CONCLUSION

Based on the comparative results obtained in this study,
integrating the DNM into the pre-trained SqueezeNet v1.1
architecture vyields noticeably improved performance
compared to the original pre-trained SqueezeNet v1.1, even
after exploring multiple configurations of the required
number of dendrites. Compared to the baseline model, the
DNM-augmented pre-trained SqueezeNet achieves an
approximate performance gain of 5%, at the cost of a modest
increase in model size corresponding to an additional 1.69%
parameters. Furthermore, the convergence plots for both
validation accuracy and validation loss indicate that the
incorporation of the DNM contributes to a more stable
optimization process, characterized by smoother trajectories
and lower inter-epoch variance in the validation metrics,
thereby enabling more controlled parameter updates and
supporting better generalization. Nevertheless, it is also
observed that the standard SqueezeNet model reaches
convergence earlier during training (22 epochs versus 40
epochs), highlighting a trade-off between convergence speed
and stability. In addition, the confusion matrix results for the
DNM-enhanced SqueezeNet demonstrate that the model is
capable of predicting both majority and minority classes
reasonably well, despite the presence of class imbalance in the
dataset. Taken together, these findings suggest that the DNM
represents an effective alternative for improving the
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performance of SqueezeNet on image classification tasks,
offering measurable gains with only a relatively small and still
acceptable increase in model complexity.
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