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Abstract– This report discusses the classification of images based on the CIFar-10 dataset on the basis of the Convolutional Neural Networks (CNNs) and Recurrent Neural Networks (RNNs). The main target is to compare the efficiency of learning and classification of visual data as done by the different types of networks. The pipeline of the methodology consists of a full machine learning process including preprocessing of the data, data normalization, data augmentation, and one-hot encoding, model training and hyperparameter optimization. Experimental findings indicate that CNNs have a test accuracy of 57.8 and is far much better than that of the RNNs which has a test accuracy of 28.6 since they cannot learn the spatial relationships of a fixed static image. The hierarchical structure of convolutional, pooling, and fully connected networks in the CNN enables effective extraction of spatial and contextual information, and RNNs, which are made to handle sequential data, are also not as effective as CNNs in generalizing visual information. Its results confirm that CNNs are much better adapted to vision-based tasks with better feature description and classification. Future research recommendations would involve optimizing CNN architectures by employing additional layers, more advanced regularization and transfer learning by using existing pre-trained models to improve performance and generalization. Comprehensively, the paper confirms CNNs as the choice of deep learning methodologies in efficient and effective image classification process.
Keywords– Image classification, Cifar10, Artificial Intelligence, Artificial Neural Network, Convolutional Neural Network, Recurrent Neural Network
[bookmark: _Toc211007440][bookmark: _Toc211252453]I. INTRODUCTION
Rapid growth of artificial intelligence has contributed to the creation of “neural networks”, as it emerged as one of the dominant technologies in the solution to problem-related data. Classification of images is one of the critical problems because the visual data is considerably high-dimensional and variable. “Convolutional Neural Networks (CNNs)” have already been found to be significantly more effective in near-perfect visual recognition. An analysis of the neural network images based on CNNs on the reporting of the CIFAR-10 dataset has been done in this report. The objective involves the establishment, training of a simplified model that can identify images in the right way without being a computational waste.
[bookmark: _Toc211007441][bookmark: _Toc211252454]II. RELATED WORK
[bookmark: _Toc211007442][bookmark: _Toc211252455]A. Overview of Artificial Neural Networks
The contemporary models of machine learning are grounded on the “Artificial Neural Networks (ANNs)” and the work-hardened system of the human brain. The models made by ANNs are created with numerous layers of interconnected nodes, and it employs the sophisticated design of the data. Concerning learning through optimization [1]. “Conventional ANNs” are defined by the number of input, hidden, and output layers, and each neuron employs an activation function to involve non-linear associations [2]. The number of old “ANN systems” is few as the computations were inefficient and data volumes are not available. However, with the advent of higher bandwidth computer processing, larger data sets, and improved optimization paradigms, “ANNs” have evolved to become a cascading architecture of “deep learning” which can process complex problems such as “image recognition” or “speech processing” or “natural language understanding” [3].
[bookmark: _Toc211007443][bookmark: _Toc211252456]B. Development of Convolutional Neural Networks (CNNs)
The “CNNs” of “ANNs” employ grid-like data (such as images) to process them. The model makes use of the so-called convolutional layers, which automatically identify spatial hierarchy and features and do not demand engineered features. The “CNN” theory has been popularized with the original scientific model creation of the “LeNet” that performed very successful tests in identifying hand-written numbers [4].
[image: ]
Fig. 1. Convolution Process Diagram
The original work was subsequently refined, and later models such as AlexNet, VGGNet, ResNet, and Inception advanced image classification by introducing more sophisticated architectures, enhanced activation functions, and improved normalization techniques [5]. These models demonstrated larger, more elaborate networks to be more effective in generalization, provided that these networks are well regularized to avoid overfitting. Unlike ML structures, the visual tasks that are not attribute-based (visual localization) necessitate cues to spatial and contextual relationships within the images, and “CNNs” are the first state-of-the-art method that can successfully perform the same notions [6].
[bookmark: _Toc211007444][bookmark: _Toc211252457]C. Convolutional Layers and Feature Extraction
One of the main components of the CNNs can be considered the so-called convolutional layer that ensures the extraction of characteristics of the input signal [7]. It employs different filters that can be learnt from the picture to discover local patterns, such as edges, textures, and color gradients. As the network uses more complex features such as shapes and objects are absorbed by the higher filters. The spatial dimensions of the feature maps are reduced by pooling layers, such as max and average-pooling, to ensure a lower computational complexity as well as overfitting [8].
[image: ]
Fig. 2. Functionality of the Max Pooling
The additional result achieved by batch normalization in making training more stable is through normalization of layer outputs, which improves the rate of convergence and performance of the model [9]. Fully connected layers are then constructed in order to ensure that the extracted features are combined in order to provide the final classification. A combination of these layers forms a hierarchical learning structure, which can pick up some fine-grained tendencies to such data like CIFAR-10.
[bookmark: _Toc211007445][bookmark: _Toc211252458]D. Recurrent Neural Networks (RNNs) and the Applications
The CNNs are spatial, and the “Recurrent Neural Networks (RNNs)” are also capable of processing sequential data. RNNs utilize recurrence connectivity where they store their inner memory; hence, these are capable of saving a time-related quantity of dependencies in it at any reserve moment [10]. It makes them helpful in text generation, language translation, and speech recognition.
[image: ]
Fig. 3. Architecture of “RNN”
Another model, which has greatly improved is the “Long Short-Term Memory (LSTM)”, and the “Gated Recurrent Units (GRU)” have been introduced in order to resolve the diminishing gradient issue of the traditional RNNs [11]. Although it is not traditionally used in classifying the static images, as is becoming a part of a hybrid system, as an up until now, with having before it features extracted using the so-called “CNNs” and interpolating sequentially using the “RNNs”, such as video frames, image captioning. This assists in indicating the plasticity of neural networks in terms of dealing with different data modalities.
[bookmark: _Toc211007446][bookmark: _Toc211252459]E. Optimization and Training Strategies
A clear training of the LNNs entails the maximization of the hyperparameters and regularization of processes. “Stochastic Gradient Descent (SGD)”, “Adam”, and “RMSprop” have become popular optimisation functions that may be employed to reduce loss functions by using backpropagation [12]. The important factors include learning rate, batch size, and also epochs, as far as convergence and the results of the model are concerned.
[image: ]
Fig. 4. Standard vs Dropout “Neural Networks”
Overfitting is normally prevented using regularization methods of dropout, early stopping, and weight decay [13]. Training involves random disconnection of a portion of the neurons and is destined to make them robust, whereas batch normalization is attempted to stabilize the gradients and accelerate convergence. There are data augmentation methods, such as rotation, flipping, and scaling, which increase the size of the dataset significantly, enhancing the generalization of the model [14]. These techniques are crucial to attain peak performance in cases of operating with a medium scale of data as “CIFAR-10”.
[bookmark: _Toc211007447][bookmark: _Toc211252460]F. Use of the CIFAR-10 Dataset in Research
CIFAR-10 dataset is a standard benchmark in computer vision studies. It has 60,000 colour images of ten categories that are: airplanes, cars, birds, cats, and ships. The image size is “32x32” pixels to allow a computationally manageable size of the dataset, though difficult to solve since visual features can overlap and be similar between classes. “CIFAR-10” has been used in several studies to test “CNN architecture”, determine the effect of preprocessing data, and various optimization mechanisms in comparison. Experiments that have been done include varying network depth, activation functions, as well as normalizations used to enhance the accuracy of classification. The dataset provides the best testing place to experiment with model architectures and provide hyperparameter fine-tuning because of its clean structure and balanced class distribution.
[bookmark: _Toc211007448][bookmark: _Toc211252461]G. Transfer Learning and Model Efficiency
Transfer learning is a popular method to make CNNs better using sparser computational devices. It consists of using trained models, being trained on large-scale datasets such as “ImageNet” and fine-tuning on datasets like CIFAR-10 [15]. Transfer learning requires less time to train and is more accurate, particularly when the target data is roughly similar in domain by reusing learned feature representations. “VGG16”, “ResNet50”, and “MobileNet” are models that have been successfully fine-tuned on the task of classifying “CIFAR-10” and indicate that pre-computed features can be extended to different datasets. This technique is particularly advantageous in resource-limited settings, or where the training when attempting to train a “deep learning model” at renewal is too small to fit a “deep learning model”.
[bookmark: _Toc211007449][bookmark: _Toc211252462]H. Limitations and Future Research Directions
Although the state of “CNNs” is developing intensively, there are still several barriers to realizing a good and interpretable “image classification”. “Deep learning models” can make heavy use of computation, and it has a large number of parameters, which can cause a great risk of overfitting. The black-box phenomenon of “neural networks” presents challenges when it comes to an understanding of decision limits, thus raising concerns about the fact that the “neural networks” are not transparent in cases of sensitive applications. In order to improve scalability and interpretability, future research is considering effective architectures such as “lightweight CNNs”, “pruning”, and “neural architecture search (NAS)” [16]. Moreover, methods to include “CNNs” amongst tasks with attention mechanisms or transformers are also becoming more popular in facilitating the representation of features and observations.
[bookmark: _Toc211007450][bookmark: _Toc211252463]III. WORKFLOW METHODOLOGY
The methodology used in the projects of this type is known as the machine learning pipeline method. It is a coordinated mechanism to undertake the systematic development, evaluation, and optimization of the “neural network” model. Depending on the process, various significant steps are taken into consideration, such as pre-processing of data, model selection, the training process, the evaluation of performance and the optimization.
[bookmark: _Toc211007451][bookmark: _Toc211252464]A. Data Preprocessing
“CIFAR-10” dataset is divided into a training and testing set with variations in categories. The first step in preprocessing is the normalization of pixel values in the range 0-1 to increase the robustness of the gradient during training [17]. Some of the data augmentation techniques that augment the data diversity and prevent possible overfitting include horizontal flipping, rotation, and zoom. The network transformations facilitate learning additional information about images and give it a more generalized behavior based on the orientation and the image scale. “One-hot coding” that assesses such categorical labels of classes into a binary matrix representation that can be used in multi-class classification [18].
[bookmark: _Toc211007452][bookmark: _Toc211252465]B. Model Selection and Design
Two types of “neural networks” that can be used are “the Convolutional Neural Network (CNN)” and the “Recurrent Neural Network (RNN)”. “CNN” is selected as the best option based on the aspect of space when dealing with image data due to its better capability in learning the rounded visual features [19]. The model architecture consists of convolutional layers used in feature extraction, max-pooling layers used in dimensionality reduction, and fully connected layers used in classification. Epochs percentage of correct test set quantity add-on (Softmax) functions in the output layer bring about non-linearity, and the activation element “Rectified Linear Unit (ReLU)” is the “Softmax” activation function, which converts the predictions to the class probabilities on the test set [20]. Termed dropout layers, these networks mitigate against overfitting by selecting this specific neuron randomly and deactivating it throughout the training phase.
[bookmark: _Toc211007453][bookmark: _Toc211252466]C. Training and Hyperparameter Tuning
“TensorFlow” and “Keras” are used to train because of their advanced “APIs” and because of its “neural network” design flexibility. The data is divided into training and evaluation to keep track of the model. “Adam optimizer” is used because it has an adaptive learning rate and optimization of convergence. “Learning rate”, “batch size”, “filters (number)”, and “epochs” are important hyperparameters that are profiled [21]. The model can be trained within several epochs, and early termination is applied in instances where validation loss ceases to decrease.
[bookmark: _Toc211007454][bookmark: _Toc211252467]D. Model Evaluation and Comparison
“Accuracy”, “loss”, and “confusion matrix” are some measures used to analyze the quality of the model. The measure of accuracy acts as a metric of the total classification success, whereas the loss is used to evaluate the error of the prediction. Various network architectures of “CNN” are tested by changing the kernel size, dropout, and filter number to determine the best architecture [22]. The outcomes of the evaluation are represented in the form of learning curves, which overlay training performance and validation performance.
[bookmark: _Toc211007455][bookmark: _Toc211252468]IV. DISCUSSION AND RECOMMENDATION
[bookmark: _Toc211007456][bookmark: _Toc211252469]A. Discussion
[image: ]
Fig.5.  Loading datasets
Dataset is loaded with the in-built functionalities of TensorFlow that provides easy access to the predetermined training and test sets. All the images are systematically matched with their own labels and, thus, proper correspondence between inputs and target classes is guaranteed. The step is a fundamental building block step towards further subsequent preprocessing and model training steps.
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Fig. 6. Down sampling data
A relatively small sample of the original data is chosen without disproportion that is class balanced. The down sampling approach makes the process faster. This approach does not compromise diversity of data.
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Fig. 7. Number of images per class in the training set
Purpose of distribution analysis is to identify the possible imbalances between the classes and these imbalances can affect the operations of a model negatively.
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Fig. 8. Sample images
A sample collection is displayed in various classes to allow looking at the quality of the images, their resolutions, and the accuracy of labels. It is a net process that aids the formulae of integrity and generates a mental feeling of visual pictures amid all the divergent classes.
[image: ]
Fig. 9. Normalization
The pixel values are transformed between 0-1. And convergence between tangible numbers increases the stability of a model by ensuring that the range of similarities in all the input numbers.
[image: ]
Fig. 10. Data augmentation
Augmentation of the data and variability is done by using data augmentation methods such as rotation, flipping and zooming. This type of augmentation enhances generalization of the model as well as countering overfitting since the network is exposed to a wide range of image transformations.
[image: ]
Fig. 11. One hot encoding
Labels are converted to one-hot coded vectors, thus, transforming the categorical outputs into binary arrays. This representation is necessary in multi-class classification problems that use the softmax method of activation.
[image: ]
Fig. 12. Shuffling and Prefetching
Shuffling of the dataset is carried out to randomize the order of input thus avoiding the possibility of learning bias. Prefetching means that the efficiency of data pipelines is optimised by ensuring that the next batch is being readied as the model executes the current one, therefore ensuring faster training execution.
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Fig. 13. CNN model training
Epochs of the convolutional neural network show that accuracy increases with progressive consecutive epochs, thus, suggesting that the convolutional neural network has successfully extracted salient features. Based on the validation set the accuracy becomes plateau with the following iterations indicating that the model is already steady with the training time allocated.
[image: ]
Fig. 14. CNN model test accuracy 
The accuracy of the CNN in terms of testing is about 57.8%. The network has successfully acquired the necessary spatial representations, but slight performance losses in unseen data are also possibly the result of overfitting.
[image: ]
Fig. 15. CNN model testing curves
The training curves also display steady improvements in accuracy, and then start to level off. Validity accuracy shows slight changes with epoch, suggesting that learning is stable but there is no additional improvement after mid-training.
[image: ]
Fig. 16. CNN model summary
Convolutional neural networks have reached a trade-off between validation and training results. Its convolutional and pooling layers are also consistent in detecting the features of images thus supporting the applicability of CNNs in image classification exercises.
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Fig. 17. RNN model training
The recurrent neural network performance in training is unsteady and it is worse in terms of accuracy and this is an indication that the network is difficult to train to transfer spatial image data to the temporal data.
[image: ]
Fig. 18. RNN test accuracy
The recurrent neural network has a peak accuracy of validation of 28.6, and this implies that it has limited generalization to visual tasks compared to the CNN.
[image: ]
Fig. 19. RNN model test curves
The learning curves indicate the inconsistency in the progress of learning as shown by high loss values, i.e. difficulty in retaining spatial dependencies across successive epochs.
[image: ]
Fig. 20. RNN model summary
The poor performance of the recurrent neural network supports the fact that it is a relatively inactive architecture when applied to static image data, supporting the usefulness of CNNs as the more promising architecture in the field of vision-based applications.
[bookmark: _Toc211007457][bookmark: _Toc211252470]B. Recommendations
Convolutional neural networks (CNNs) are able to perform better than recurrent neural networks (RNNs) in the image classification task of CIFAR-10. Future research should focus on the optimization of CNN designs, which should include the exploration of strategies, including greater depth of convolutional layer depth, more complex data-augmentation schemes, Residual connection approach to CNN design. Incorporating a residual connection, further possibilities of curbing overfitting would come with regularization methods, such as dropout and batch normalisation. Further hyper-parameter nullifying is also expected to generate steady improvement of validation. Also, the application of transfer learning based on pre-trained CNN models can be a promising direction to enhance the work on the datasets of small size.
[bookmark: _Toc211007458][bookmark: _Toc211252471]V. CONCLUSION
The conducted research confirms that CNNs outperform RNNs in image-classification problems, and this can be explained by their ability to encode spatial hierarchies. The best CNN architecture reported an accuracy of 57.8% on tests compared to an accuracy of 28.6% using RNNs. CNNs continued to be stable and converge further as confirmed by the training and validation trajectories. Results of these studies highlight how important the design of architectures is in cases involving computer-vision use and support CNNs as the best solution to engage structured visual data efficiently.
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train_dir = */content/drive/MyDrive/cifar10/train’
test_dir = */content/drive/MyDrive/cifar10/test

img_height = 32
img_width = 32
batch_size = 32

train_df = tf.keras.utils.inage_dataset_from directory(
train_dir,
labels="inferred",
1abel_mode="int",
batch_size-batch_size,
inage_size=(ing height, ing width),
Shuffle=True
)
Class_names_train = train_df.class_nanes
print("Classes:", class_nanes_train)

test_df = tf.keras.utils.inage_dataset_from directory(
Test_dir,
Iabels="inferred",
1abel_mode="int",
batch_size-batch_size,
inage_size=(ing height, ing width),
shuffle=ralse
)

Class_names_test = test_df.class_names
print("Classes:”, class_names_test)

Found 56909 Files belonging to 10 classes.
Classes: [‘airplane’, ‘autombile’, ‘bird
Found 16909 Files belonging to 10 classes.

Classes: [‘airplane’, automobile’, ‘bird, ‘cat®, ‘deer’, "dog’, "frog’, ‘horse’, ‘ship’, “truck’]

‘cat’, 'deer’, 'dog’, “frog’, ‘horse’, 'ship’, "truck']
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def stratified_downsample(dataset, per_class_count, num classes=10):
Class_images = {i: [] for i in range(nun_classes)}

or inages, labels in dataset.unbatch():
label = int(1abels.numpy ()

if len(class_inages[1abel]) < per_class_count:

class_inages[1abel]. append (inages.numpy())

if all(len(imgs) == per_class_count for ings in class_images.values()):

break.

x=1

v-0

or label, imgs in class_images.itens():
X.extend(ings)
Y.extend([1abel]*lenings))

X = tf.convert_to_tensor(X, dtype=tf.float32)
¥ = tF.convert_to_tensor(Y, dtype=tf.int32)

ds = tf.data.Dataset. from_tensor._slices((X, Y))
ds = ds.batch(batch_size)
return ds.

train_df_down = stratified_downsample(train df, train_per_class)
test_df_down = stratified_downsample(test_df, test_per_class)

print(£"Stratified downsampled train set: {sum(1 for _ in train_df down.unbatch())} insges")
print(f"Stratified downsampled test set: {sun(1 for _ in test ¢ down.unbatch())} images")

Stratified downsampled train set: 5008 images
Stratified downsampled test set: 1000 images
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def normalize(inge, label):
image = tf.cast(image, tF.float32) / 255.0
return inage, label

train_df_down = train_df_down.map(normalize)
test_df_down = test_df_down.map(normalize)
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data_augnentation = tF.keras.Sequential(l
tF.keras. 1ayers. RandomFLip| "horizonta
tF.keras.1ayers. RandomRotation(0.1),
tF.keras.1ayers. RandonZoon(0.1)

n

def augnent (image, label):
image = data_augnentation(inage)
return inage, label

train_df_down = train_df_down.map(avgment)
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def one_hot(image, label):
label = tF.one_hot(label, depth=10)
return inage, label

train_df_down = train_df_down.map(one_hot)
test_df_down = test_df_down.map(one_hot)
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© AUTOTUNE = tf.data.AUTOTUNE

train_df_down = train_df_down.shuffle(1080).prefetch(buffer_size=AUTOTUNE)
test_df_down = test_df_down.prefetch(buffer_size-AUTOTUNE)
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2,32,3), nun_classes:

ilters=32, hp_kernel=3, hp_dense=128, hp_dropout=8.3):

# Convolutional Block 1
model..add(1ayers.ConvaD(hp_filters, (hp_kernel, hp_kernel), activation='relu', input_shape=input_shape))
model.add (1ayers. MaxPooling20((2,2)))

# Convolutional Block 2
model.add(1ayers. Conv2D(hp_filters+2, (hp_kernel, hp_kernel), activation='relu’))
model.add (1ayers. MaxPooling20((2,2)))

model.add(1ayers. Flatten())

# Dense Layer

model.add (1ayers.Dense (hp_dense, activation='relu’))

model..add (1ayers.Dropout (hp_dropout))

# Output Layer
model.add(1ayers.Dense (nun_classes, activation='softnax'))

return model
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Class CNHypertodel (Hypertiodel):
def build(self, hp):

‘model reate_cnn_model(
hp_filters = hp.Choice("Filters', [32, 641),
hp_kernel = hp.Choice("kernel’, (3, 51),

hp_dense = hp.Choice(*dense_units’, [128, 2561),
hp_dropout = hp.Float('dropout, 8.2, 0.5, step=0.1)
)
model. compile(
optimizer=Adam(learning rate=8.001),

loss="categorical_crossentropy’,
metrics=[ ‘accuracy’]

)

return model

tuner = RandomSearch(
ypertodel (),
objective="val_accuracy’,

directory="can_tuner",
project_name="cifar1_cnn’
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©  tuner. search(train_df_down,
validation data-test_df_down,
epochs=se,
verbose-1)
best_con = tuner. get_best. models (num_models=1) (0]

Trial 5 Complete [ooh o7m 305]
val_accuracy: 6.5243995761581421

Best val_accuracy So Far: 6.57500809059906
Total elapsed tine: o1h e2n 175
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best_cnn.compile(
optimizer—'adan’,
Loss="categorical_crossentropy’,
metrics=["accuracy’]

)

test_loss, test_acc - best_cnn.evaluate(test_df_down, verbose-1)

print(F*\nTest Accuracy: {test_acc * 100:.261%")
print(f*Test Loss: {test_loss: 4F")

32/32 ——————————— 15 23ms/step - accuracy: 6.5455 - loss: 13159

Test Accuracy: 57.30%
Test Loss: 1.2447
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am Accuracy per Epoch:
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© et create_rnn_model(input_shape=(32, 32, 3), num_classe:
model = models. Sequential()

6, hp_units=64, hp_dropout=0.3):

# Flattening spatial dimension into time steps for RMN

model.add (1ayers.Reshape((32, 32°3), input_shape=input_shape))

# RN layers
model.add(1ayers . SimpleRNN(hp_units, activation='tanh’, return_sequence
model..add (1ayers.Dropout (hp_dropout))

model.add(1ayers. SimpleRNN(hp_units//2, activation="tanh'))

# Dense layers
model.add(layers. Dense (hp_units, activation='relu’))
model..add (1ayers.Dropout (hp_dropout))

# Output layer
model.add (1ayers.Dense (nun_classes, activation="softnax'))

model..compile(
optimizer=tf.keras.optinizers.Adam(learning_rate=0.001),
1oss="categorical_crossentropy"
metrics=[ ‘accuracy’]

return model

Class RNHypertiodel (Hypertiodel) :
def build(self, hp):
return create_ran_model(
hp_units=hp.Choice(*units", (32, 64, 1281),
hp_dropout=hp. Float('dropout, 0.2, 0.5, step=0.1)

tuner_rnn = RandomSearch(
RNMHypertodel (),
objective="val_accuracy’,
max_trials=s,
executions_per_tria!
directory="rnn_tuner",
project_name="cifar1_rnn’

)

©

Reloading Tuner from ran_tuner/cifar1®_rnn/tuner®.json
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© tuner_rnn.search(
train_df_down,
validation data-test_df_down,
epochs=se,
verbose-1
)

Trial 5 Complete [ooh osm 325]
val_accuracy: 6.11559999656213989

Best val_accuracy So Far: 6.28500081335144043
Total elapsed tine: ooh 23m 345
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© best_ran = tuner_rmn. get_best models(num models=1) (o]
test_loss, test_acc  best_rmn.evaluate(test_df_down, verbose-1)

print(F"\naest RN Test Accuracy: {test_acc * X
print(F"eest Rl Test Loss: {test_loss:.4f)")

2%

32/32 ——————————— 15 7ms/step - accuracy: 0.3405 - loss: 1.9158

Best: RN Test: Accuracy: 28.60%
Best RN Test Loss: 1.9262
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