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Abstract - Convolutional Neural Networks (CNN) have been
at the forefront of advances in the application of Computer
Vision. Their automated and adaptive nature helps in the
extraction of the hierarchical structures present in input
images, allowing them to capture and interpret complex
spatial patterns. This ability has made CNNs a powerful and
useful tool in the field of image analysis. The work proposed in
this paper reviews the use of CNNs for categorizing images
into certain categories and outlines the methods that need to
be employed for pre-processing this novel dataset to feed into
the CNN model. In this regard, by considering the ten standard
object classes of CIFAR-10 dataset, several CNN models were
trained to classify these images and compared them against
the others to show the effectiveness of each. When training
and testing the model, its performance is quantitatively
evaluated using measures such as accuracy, precision,
validation loss and the loss function. These metrics define the
degree of success of the selected architecture. This work
contributes to the existing knowledge of CNNs applied to
image classification tasks with new datasets and can serve as
helpful suggestions in changing the basic structure for object
recognition aims.
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1.INTRODUCTION

Convolutional Neural Networks (CNN) are a subtype of deep
learning algorithms that are mostly used to solve
identification and detection problems, such as image
recognition, detection, and division. These CNNs resemble
other neural networks but the use of multiple convolutional
layers makes them slightly complex. These convolutional
layers use a function called a convolution, which is a form of
matrix multiplication. This entails the use of small parts of
the input data to extract the appearance characteristics,
while at the same time preserving the spatial configurations
of pixels.

CIFAR-10is another popular set of images thatis maintained
by the Canadian Institute for Advanced Research and is used
to train most vision and machine learning models. This is
one of the most popular datasets used in studies related to
machine learning. CIFAR-10 comprises sixty thousand color
images of 32x32 pixels and are classified into ten classes.
These classes include airplanes, trucks, cars, frogs, dogs, cats,
deer, and birds, and each class has 6000 images.

1.1 Different Models of CNN Used for Image
Classification

LeNet which was first introduced in 1998 by Yann LeCun
and his co-workers Corinna Cortes and Christopher Burges
was targeted for the handwritten digit recognition. LeNet is
often described as the ‘Hello World ’of deep learning and is
one of the first successful convolutional neural network
(CNN) architectures. Its network architecture comprises of
numerous convolutional layers, pooling layers, and fully
connected layers. Particularly exceptional, the presented
model has five convolutional layers followed by two fully
connected layers. LeNet was the first to introduce CNNs in
the field of deep learning for computer vision processes.
However, the model above failed at first to learn due to what
is known as the vanishing gradients problem. To rectify this,
max-pooling layers were included to be added within the
convolutional layers to minimize the size of the images. This
is not only useful to avoid overfitting but also improves the
training speed of CNNs. AlexNet was created by 1. Sutskever,
G. Hinton and A. Krizhevsky. There are similarities with the
LeNet architecture at this level, with a larger number of
layers and stacking of convolutional layers. In AlexNet
architecture, it has five convolutional layers that are blended
with max-pooling and other layers, three fully connected
layers, and two dropout layers. In each layer there is an
activation function of ReLU kind, and the outputlayer has an
activation function of Softmax kind. In total, the architecture
has about 60 million parameters.

ZFNet is a CNN architecture composed of convolutional
neural networks and fully connected layers as well. It was
created by Rob Fergus and Matthew Zeiler. Like AlexNet,
ZFNet also follows the network architecture with several
layers of convolutional layers and sets of pooling layers but
the size of the middle convolutional layers has been tuned, as
has the stride and the filter size of the first layer. The
architecture is based on the model developed by Zeiler and
Fergus which was used to train the models with the
ImageNet data set. ZFNet consists of seven layers: a
convolutional layer, a downsampling max-pooling layer, a
concatenation layer, another convolutional layer that uses a
linear activation function and which has a stride of one. To
increase the regularization, dropout is implemented before
the output layer which is a fully connected layer. After
observing the article, ZFNet is more efficient in terms of
computational requirements as compared to AlexNet
because deconvolutional layers are placed in between CNNs
that provide an approximation inference. GooglLeNet is
designed by Jeff Dean, Christian Szegedy, Alexandro Szegegy
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and their colleagues. This model is superior in the error rate
compared with previous ILSVRC competition champions
including AlexNet (the 2012 winner) and ZF-Net (the 2013
winner). It also achieves a lower error rate than VGG, the
second best algorithm in 2014. There are several unique
features used in the architecture to enhance its depth, which
include global average pooling and 1x1 convolutional layers.
They include short cuts to link the first convolutional layers
but add more filters in other CNN layers. Further, it applies
several unpooling layers on the top of CNNs during the
training stage for removing the spatial redundancy and thus
reduces the new parameters to be learned. As for VGG16, it
stands for ‘Visual Geometry Group 16 ’and was created by
Andrew Zisserman and Karen Simonyan. The VGGNet has up
to 16 layers that are implemented as CNN layers, and this
model has up to 95 million parameters that were optimized
with the help of training the model on a dataset containing
over one billion images belonging to 1000 classes. VGGNet is
capable of taking large input images of up to 224 by 224
pixels, with 4096 convolutional features. Nonetheless if the
input images are usually sized between 100 x 100 to 350 x
350 pixels which is typical in most image classification
problems, architectures such as GoogLeNet perform better
than VGGNet. This is so because CNNs with such large filters
as those in VGGNet are costly to train and require large
amounts of data.

ResNet CNN architecture was designed by Kaiming and his
team, and they achieved acclaim by getting the five error rate
to 15 percent on the ILSVRC 2015 classification challenge.
This network can be regarded as very deep even according
to the standards of CNN with 152 layers and over a million
parameters. This model was trained on the ILSVRC 2015
dataset for more than forty days on 32 GPUs. As
demonstrated by ResNet, there is strong evidence that CNNs
can be used in NLP tasks such as machine comprehension
and sentence completion.

MobileNets are the types of CNN that have been developed
specifically for performance on mobile devices and can be
used to serve photo classifications and object identification
in real-time. Provided by Andrew G. Trillion, these compact
CNN architectures can be used in real-time applications such
as smartphones and drones. This flexibility has been shown
through a range of CNNs with 100-300 layers in many cases
surpassing other network configurations such as VGGNet.

2. LITERATURE REVIEW

This paper by Neha Sharma, Vibhor Jain and Anju Mishra
presents an experimental analysis to determine the
performance of popular CNN architectures such as AlexNet,
GoogLeNet and ResNet50 in real-time object detection and
classification scenarios. Through the input of datasets like
ImageNet, CIFAR-10, and CIFAR-100, the study proves that
GoogLeNet and ResNet50 are more precise compared to
AlexNet. It examines the effects of different networks
structures and training strategies on CNN’s performance in

various image classification tasks and discusses the
importance of feature extraction and Deep learning for the
development of Computer Vision applications.[1]

Krizehvsky et al 2012 succeeded in improving performance
through Deep Convolutional Neural Network (CNN) by use of
five layers of convolution and three layers of full connection
where training was enhanced using Rectified Linear Unit
(ReLU). This model utilized local response normalization
(LRN) adopted from actual neurons that employ lateral
inhibition and was trained through stochastic gradient
descent with momentums that enable the search for the
optimum in the high dimensional loss of deep learning
networks. The well-organized structure of AlexNet placed it
at the top of all the previously developed models in the
arenas of the ILSVRC.[2]

In the research study by Sultana, A. Sufian and P. Dutta, they
investigate the applicability of deep learning methods such
as CNNs in the CIFAR-10 image classification task. CNNs are
emphasized on their usage in handling large amount of data
and the capability in extracting complex features in multi-
layered approach. The research encompasses stages like
data preparation, model building, and model assessment,
focusing on how architectural decisions and proper tuning of
hyperparameters contribute to achieving high accuracy and
robustness in image classification problems.[3]

Specifically, Ajala’s studies focus on Convolutional Neural
Networks (CNNs) for image classification using the CIFAR-10
dataset. The paper includes an analysis of the existing
methods based on traditional neural networks and points
out their shortcomings, such as the lack of efficiency in
feature extraction and limited possibilities for generalizing
the model. However, CNNs, including learnable filters and
pooling layers, can learn features on their own, which
further improves the performance of the study. To prevent
overfitting and increase the model accuracy some techniques
include dropout and regularization are used. It also analyzes
different structures of CNN and enhances them for higher
performance with the CIFAR-10 data set, which is another
focus of the research. [4]

The authors of the paper ‘Image classification using SVM and
CNN ’seek to demonstrate the superiority of CNN model in
image classification over SVM models. CNN models have
convolutional, pooling and fully connected layers, which
makes it possible for this network to grasp special hierarchy
facilitating feature representation at different levels of
abstraction. 75% accuracy of CNN model reveals it can
process intricate image data and big data.[5]

The study focuses on Convolutional Neural Networks (CNNs)
for the classification of images, targeting cow-teat images as
a sample dataset. The authors briefly discuss the advantages
of using CNNs over conventional approaches and note that
CNNs have the ability to learn and extract hierarchical
features from images. An efficient guide to designing and
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training a CNN from scratch in a paper as it accurately
demonstrates its effectiveness in classifying images into
certain classes. The study focuses on the options for
architectural decisions as well as optimization measures to
enhance the model’s performance and accuracy levels.[6]

The authors discuss the use of the CNN for CBIR, and their
work specifically uses the CIFAR-10 dataset. This work
relates to the shortcomings of traditional text-based image
search techniques and offers an algorithm of enhanced
accuracy in image classification. Hence, through training and
testing on specific classes (airplane, bird, and car), the study
showcases the potential of CNNs in achieving 94%
classification accuracy based on the features. The study
stresses the need to enhance the performance of algorithms
for improving their recall rates.[7]

CIFAR-10 dataset is discussed in this paper as the authors
consider Convolutional Neural Networks (CNNs) for image
classification. The paper focuses on the fundamental roles of
CNNs in computer vision tasks, for example, object
recognition acknowledging the ability to learn multiple
layers of representation from the data. The paper explores
the process of building the CNN model architecture together
with the data preparation, training, and testing stages. Italso
discusses methods like data augmentation and transfer
learning that can be used to enhance model performance.
Based on the findings of the study, it is argued that through
advancement techniques such as regularization and
hyperparameter optimization, CNNs perform enhanced
accuracy and generalizable performance on image
classification tasks. [8]

Emmanuel Adetiba, Oluwaseun T. Ajayi, Jules R. Kala, Joke A.
Badejo, Sunday Ajala, Abdullateef Abayomi, the authors of
this paper, examined the possibility of deep learning models
for the identification of plant species based on the image
dataset called Leafsnap. They underscore how accurate
identification of plant species is crucial in disciplines like
agriculture, climate change and medicine. The classical
approaches of plant identification are usually lengthy and
may involve expertise that is not easily accessible. To
address these challenges, the authors incorporate deep
learning methods, where convolutional neural networks
(CNNs) have been proven to succeed in many computer
vision applications. The study examines five pre-trained CNN
models namely VGG-19, AlexNet, MobileNetV2, GoogleNet
and ResNet50. The best models on testing were MobileNetV2
where we used the ADAM optimizer with the highest testing
accuracy of about 92%. When discussing feature extraction
in plant recognition, the authors stress its importance and
mention how CNNs eliminate the need for this type of
engineering to a certain extent. The paper also provides an
experimental comparison of the chosen models on
architecture, training, and validation stages. The research
then concludes that due to the high performance exhibited
by MobileNetV2 the network can be used when designing an

benefit botanists, farmers, and conservationists when
identifying plant species in the field. This study adds to the
knowledge on the application of deep learning in biological
sciences, providing practical solutions for real-world
challenges in plant species identification.[9]

3. Method

3.1 Data preparation

The idea here is to pass as much as different transformed
images to our model so that the model learns complex
patterns and restricts itself from overfitting.

The following steps have been implemented for the same:

. Image resizing: As the image size from source is
32X32 we apply resize function just to make sure
every image passed to our process is similar in
terms of size.

. Image transformation: We apply different
transformation to the image. Details mentioned
below. Here one point to note is that we can
randomly apply every type of transformation as this
might lead to underfitting. The rationale is that the
images already have low resolution, and applying
significant transformations such as center cropping,
vertical flipping, and others could potentially
degrade the model's performance. Apply
normalization to image: The mean and standard
deviation is taken from different studies
researchers have implemented and have them
converge faster. One can experiment with different
image size and standard deviations as well.

. Apply Random Erasing: It helps in randomly
adding some noise to the image, so that the model
can learn to generalize better.

3.2 Convolution Neural Network Implementation
Steps followed for the modeling process:
1. Define a rough model architecture to follow

2. Starting with 2 Convolution layer and 1 fully
connected layer (fc)

3. Keep adding hidden layers to the above model and
check of validation accuracy improves.

4, Note if we increase model layers and neurons this
might lead to slower training and increase chances
of overfitting. Also increased complexity mightlead
to getting stuck at saddle point or local minima.
Hence to cater all these potential problems,
experimented with momentum, dropout & the

automatic species recognition mobile application that would weight initialization
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This is how we get the 8x8 image size after cnn1, maxpooll,
cnn2 and maxpool2:

1. 'out_2' is a given parameter when the cnn2 was
defined, it is the output of cnn2 equal to 32.

2. 8x8 is the result of the 'image size' after. cnnl,
maxpooll, cnn2 and maxpool2:

e Inputsize is 32x32 2.b. after cnn1, size per channel
(total of 16 channels)is (32 + 2*2-5)/1 +1=32x32

e After maxpool 1, size per channel (still total of 32
channels) is (32 + 2*0 - 2)/2 + 1 (stride size is equal
to kernel size of 2) = 16x16

e After cnn2, size per channel is (16+ 2*2 -5)/1 + 1
=16x16

e After maxpool?2, size per channel is (16 + 2*0 -2)/2
+1=8x8

3.3 CNN MODELS:

CNN Model V1:
1. 2 convolution + max pool layers
2. 1 fully connected layers Default runtime using 0

momentum and 0 dropout value

CNN Model V2:
1. 2 convolution & max pool layers
2. 2 fully connected layers
3. Default runtime using 0.2 momentum and dropout

valuep =0.5

CNN Model V3:

1. 2 convolution & max pool layers

2. 3 fully connected layers

3. Default runtime using 0.2 momentum and dropout
value p=0.5

CNN Model V3-V2:

1. 3 convolution & max pool layers

2. 3 fully connected layers

3. Default runtime using 0.2 momentum and dropout
value p=0.5

4. Weights initialized using He weight initialization

CNN Model V3-V3:

1. 3 convolution & max pool layers

2. 4 fully connected layers

3. Default runtime using 0.2 momentum and dropout
value p = 0.5

CNN Model V3-V4:

Adding one more hidden layer, dropout value and one more
convolution layer.

1. 3 convolution layer + Batch Normalization

2. 3 Hidden layers

3. Default runtime using 0.2 momentum and dropout
valuep = 0.5

4. Results
CNN Model V1:

1. 2 convolutions + max pool layers

2. 1 fully connected layer

3. Default runtime using 0 momentum and O dropout
value
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Fig. 1. Output of each Epoch using CNN model v1
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Fig. 2. Classification report using CNN model v1
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Fig. 3. Confusion matrix of CNN model v1

Fig. 4. Predictions made by CNN model v1

The model was trained over 20 epochs, achieving a final
accuracy of over 91% and reducing training loss from 1.3972
to 0.2554. The classification report highlights strong
performance for the Automobile class (F1-score: 0.7826),
while the Airplane class showed lower precision (0.4422) but
high recall (0.8880). The overall weighted average F1-score
was 0.6512, indicating solid performance with room for
improvement in certain classes.

CNN Model V2:

1. 2 convolution & max pool layers

2. 2 fully connected layers

3. Default runtime using 0.2 momentum and dropout
value p = 0.5
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Fig. 5. Output of each Epoch using CNN model v2
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Fig. 6. Classification report using CNN model v2
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Fig. 7. Confusion matrix of CNN model v2
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Fig. 8. Predictions made by CNN model v2

The model achieved 80% training accuracy after running it
for 20 Epochs with validation loss of 0.5569. The model
classification report shows average weighted accuracy of
68% with only ship class having accuracy over 90%. The
average Fl-score came 0.6507 showing room for
improvement in the model.

CNN Model V3:

1. 2 convolution & max pool layers

2. 3 fully connected layers

3. Default runtime using 0.2 momentum and dropout
value p =0.5
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Fig. 9. Output of each Epochs using CNN model v3
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Fig. 11. Confusion matrix of CNN model v3
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The model’s training accuracy increased from 40% to over
71% after 20 epochs. Simultaneously, training loss
decreased from 1.5977 to 0.8218. Overall, the model
achieved a weighted average precision of 0.7592, recall of
0.7574, and F1l-score of 0.7568, indicating balanced
performance across most classes, yet also shows much
needed improvement.

CNN Model V3-V2:

1. 3 convolution & max pool layers

2. 3 fully connected layers

3. Default runtime using 0.2 momentum and dropout
valuep =0.5
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Fig. 13. Output of Epoch using CNN model v3-v2
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Fig 14 Classification report using CNN model v3-v2

IS0 9001:2008 Certified Journal

Page 322



‘,/ International Research Journal of Engineering and Technology (IRJET) e-ISSN: 2395-0056

JET Volume: 11 Issue: 11 | Nov 2024 www.irjet.net

p-ISSN: 2395-0072

Confusion Matrix

airplane 14 1 10 8 ') 24

- 800
automobile - 1 2 2 0 13 54
bird 66 24 38 23 6 3

True Label

- 400

ship 46 10 8 5
truck 25 35 3 7
‘ . , -
3 R & e oM
5 s 5 3 § 8 & 3
s 3 ° & 14 a 2
2 N £ B
e

automobile -

Predicted Label
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Fig. 16. Predictions made by CNN model v3-v2

After 20 Epochs training, the model achieved over 83%
accuracy. From the report, we see that the model optimally
classifies certain classes like Automobiles, ships, and trucks.
However, it struggled to classify bird, cat, and dog images
showing further need for improvement and adjustments.
The average F1-score of the model was 0.8310.

CNN Model V3-V3:

1. 3 convolution & max pool layers

2. 4 fully connected layers

3. Default runtime using 0.2 momentum and dropout
value p = 0.5

4. Weights initialized using He weight initialization

Epoch 1/28, Train Loss Validation Loss: 1.4415, Train Accuracy
Epoch 2/20, Train Loss Validation Loss: 1.3186, Train Accuracy
Epoch 3/20, Train Loss: 1. Validation Loss: 1.1623, Train Accuracy
Epoch 4/20, Train Loss: 1. Validation Loss: 1.0978, Train Accuracy
Epoch 5/20, Train Loss: 1. Validation Loss: 1.8403, Train Accuracy
Epoch 6/20, Train Loss: 1. Validation Loss: 1.0121, Train Accuracy
Epoch 7/20, Train Loss: 1. Validation Loss: 0.9732, Train Accuracy
Epoch 8/20, Train Loss: 1. Validation Loss: 0.9746, Train Accuracy
Epoch 9/20, Train Loss: 1.0689, Validation Loss: 0.9379, Train Accuracy
Epoch 10/20, Train Loss: 1.0547, Validation Loss: 0.9120, Train Accuracy
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Fig. 17. Output of each Epoch using CNN model v3-v3
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Fig 18 Classification report using CNN model v3-v3
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Fig. 19. Confusion matrix of CNN model v3-v3
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Fig. 20. Predictions made by CNN model v3-v3

The CNN model V3-V3 demonstrates a decline in both
training and validation losses, with training accuracy of less
than 70%. However, it struggles to generalize, achieving low
validation accuracy. The classification report highlights poor
performance across most classes, with class cat having the
highest recall and F1-score. The confusion matrix shows a
strong tendency to misclassify, frequently predicting cat for
various true labels.
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CNN Model V3-V4:

1. Adding one more hidden layer & dropout value &

one more convolution layer

2. Total 3 hidden layers, 3 convolution layer & Batch

Normalization

Epoch 1/20, Train Loss: 1.6492, Validation Loss
Epoch 2/20, Train Loss: 1.3235, Validation Loss
Epoch 3/20, Train Loss: 1.1820, Validation Loss:
Epoch 4/20, Train Loss: 1.0882, Validation Loss
Epoch 5/20, Train Loss: 1.0152, Validation Loss
Epoch 6/20, Train Loss: 0.9489, Validation Loss
Epoch 7/20, Train Loss: 0.9132, Validation Loss:
Epoch 8/20, Train Loss: 0.8672, Validation Loss
Epoch 9/20, Train Loss: 0.8374, Validation Loss
Epoch 10/20, Train Loss: 0.8069, Validation Loss:
Epoch 11/20, Train Loss: 0.7784, Validation Loss
Epoch 12/20, Train Loss: 0.7633, Validation Loss:
Epoch 13/20, Train Loss: 0.7382, Validation Loss
Epoch 14/20, Train Loss: 0.7279, Validation Loss:
Epoch 15/20, Train Loss: 0.7088, Validation Loss
Epoch 16/20, Train Loss: 0.6923, Validation Loss:
Epoch 17/20, Train Loss: 0.6817, Validation Loss
Epoch 18/20, Train Loss: 0.6781, Validation Loss
Epoch 19/20, Train Loss: 0.6551, Validation Loss
Epoch 20/20, Train Loss: 0.6512, Validation Loss
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Fig. 21. Output of each Epoch using CNN model v3-v4
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Fig 22 Classification report using CNN model v3-v4
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Fig. 23. Confusion matrix of CNN model v3-v4
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Fig. 24. Predictions made by CNN model v3-v4

The model achieved over 83% accuracy in classifying the
images with an average F1-score of 0.8294 and 0.8304 recall
score. It showed a strong performance in classifying classes
like Automobile, Ship and Truck with Automobile class
having 96.21% precision and 88.80% recall. Classes Bird, Cat
and Dog show low precision and recall hinting need for
improvement and adjustments to the model.

CNN Model Resnet:

The CNN model ResNet enhances deep learning accuracy
through residual connections, enabling deeper networks.
This architecture addresses the vanishing gradient problem
by allowing alternate pathways for gradients to flow, aiding
the effective training of deep networks.

Y y
Downloadln tt

100% | | 8. 3M/83 3 (00:00<00: 00, leBMB/s]
Epoch 1/20, Train Loss: 2.3035, Validation Loss: 1.7681, Train Accuracy: 31.24%
Epoch 2/20, Train Loss: 1.4232, Validation Loss: 1.1691, Train Accuracy: 49.94%
Epoch 3/20, Train Loss: 0.9920, Validation Loss: 1.2395, Train Accuracy: 64.66%
Epoch 4/20, Train Loss: 0.7446, Validation Loss: 0.7610, Train Accuracy: 74.88%
Epoch 5/20, Train Loss: 0.5569, Validation Loss: ©.6392, Train Accuracy: 81.00%
Epoch 6/20, Train Loss: 0.3873, Validation Loss: ©.7921, Train Accuracy: 87.14%
Epoch 7/20, Train Loss: 0.3406, Validation Loss: 0.6875, Train Accuracy: 88.44%
Epoch 8/20, Train Loss: 0.3133, Validation Loss: 0.7888, Train Accuracy: 89.40%
Epoch 9/20, Train Loss: 0.2363, Validation Loss: ©.6893, Train Accuracy: 91.88%
Epoch 10/20, Train Loss: 0.1851, Validation Loss: 0.6357, Train Accuracy: 93.82%
Epoch 11/20, Train Loss: 0.1382, Validation Loss: 0.6568, Train Accuracy: 95.56%
Epoch 12/20, Train Loss: 0.1294, Validation Loss: 0.8315, Train Accuracy: 95.68%
Epoch 13/20, Train Loss: 0.1249, Validation Loss: 0.7794, Train Accuracy: 96.12%
Epoch 14/20, Train Loss: ©.1378, Validation Loss: 0.7322, Train Accuracy: 95.62%
Epoch 15/20, Train Loss: 0.1078, Validation Loss: 0.7192, Train Accuracy: 96.54%
Epoch 16/20, Train Loss: 0.0826, Validation Loss: 0.8152, Train Accuracy: 97.16%
Epoch 17/20, Train Loss: 0.0912, Validation Loss: 0.7051, Train Accuracy: 97.22%
Epoch 18/20, Train Loss: 0.0786, Validation Loss: 0.7130, Train Accuracy: 97.52%
Epoch 19/20, Train Loss: 0.0640, Validation Loss: 0.9136, Train Accuracy: 97.74%
Epoch 20/20, Train Loss: 0.0825, Validation Loss: 0.8867, Train Accuracy: 97.30%
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Fig. 25. Output of each Epoch using CNN model Resnet
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Fig. 26. Classification report using CNN model Resnet
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Fig. 29. Prediction results
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Fig. 30. Training and validation loss graph for Resnet

The graph shows the training and validation loss of a
ResNet-34 model over 50 epochs. Initially, both losses
decrease rapidly, indicating that the model is learning
effectively. Around epoch 10, the training loss continues to
steadily decrease, suggesting the model is fitting well to the
training data. However, the validation loss plateaus and
shows fluctuations, with a noticeable spike around epoch 15,
indicating potential overfitting. Beyond epoch 20, the
validation loss remains consistently higher than the training
loss, which signifies that the model is learning to fit the
training data but struggles to generalize to the validation set.

MODEL Avg. Train Loss Avg. Validation Loss Train Accuracy

CNN V1 0.7068 1.2219 91.19%
CNN V2 0.7797 0.9482 80.05%
CNN V3 0.9471 » 0.8955 71.52%
CNN V3-v2 0.9471 0.8955 82.75%
CNN V3-v3 0.9538 0.7995 68.55%
CNN V3-v4 0.7395 0.6651 78.06%
CNN Resnet 0.5567 0.5545 97.30%

Fig. 31. Comparison data of all CNN models

The table summarizes the performance of various CNN
models that were trained and used for this paper. Amongst
these models, ResNet emerged on top achieving the lowest
average training and validation losses and the highest
training accuracy, recall and F1-score. This suggests that the
ResNet architecture was particularly effective inlearning the
underlying patterns in the Cifar10 data. While CNN V1
exhibited high training accuracy, it suffered from overfitting,
as evidenced by the significant gap between training and
validation loss. Other models, such as CNN V2 and CNN V3,
demonstrated moderate performance, with variations in
training accuracy. Different variants of CNN V3 showed mixed
results, indicating that architectural modifications did not
consistently improve performance. Overall, ResNet
architecture's superior performance highlights its
effectiveness in classifying Cifar10 images.

5. CONCLUSIONS

CNN models, including simple CNNs and advanced ResNet-
34 architectures, effectively classify images. Simple CNNs are
quick and efficient for smaller datasets but limited in
performance. ResNet-34, with deeper layers and residual
connections, offers significantly better accuracy. For high
accuracy and large datasets, ResNet-34 with SWA and mixed
precision is ideal. For quicker, less resource-intensive tasks,
a simple CNN suffices. The choice depends on the
application's complexity and available resources.
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