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Abstract— This report is a detailed study of the classification of images with the help of Convolutional Neural Network (CNNs) on the CIFAR-10 dataset. It describes how the model developed, trains and evaluates with small scale references to Recurrent Neural Networks (RNNs). Other important considerations are pre-processing of data, trainability, model architecture, and the application of EarlyStopping and ModelCheckpoint to train the models. The model obtained a test accuracy of 60.9% with good results on structured object classes but poor results on visually similar animal classes. There are performance trends, confusion matrix, and hyperparameter analysis. It has been recommended to augment data, use complex architecture, or hybrid models to increase the accuracy and particularly to visually ambiguous categories.
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I. Introduction
Deep learning has significantly improved image classification, especially in domains like autonomous vehicles, medical diagnostics, and industrial inspections. Convolutional Neural Networks (CNNs) as emphasized by [1] are very effective in spatial data processing because they are capable of extracting visual features in a hierarchical manner. This report discusses the construction, learning and testing of a CNN to recognize CIFAR-10 images with the help of Python and TensorFlow, as well as Keras. It also compares CNNs and Recurrent Neural Networks (RNNs), stating that CNNs are superior at processing the spatial data, whereas RNNs are expected to process the sequence data.
[bookmark: _ir0cs4r0an6t]II. Related work
[bookmark: _av851u2mkamp]A. Evolution of Convolutional Neural Networks
[image: ]
Figure 1: Timeline Diagram of CNN Evolution
(Source: Sharma et al., 2018)
The development of CNNs started with LeNet -5 which showed how convolutional layers could learn visual representations to recognize digits [1]. AlexNet further extended this base, adding more architecture detail, ReLU activations, and training on GPUs, and performance by far [3], [4]. Later models like VGG, GoogLeNet, and ResNet brought new features like inception modules and residual connections to improve the feature representation and overcome such problems as vanishing gradients [3]. Lightweight CNNs are still common in practice, especially in face recognition [19] and in real-time embedded systems like autonomous driving and surveillance [20] even though more complex architecture types are emerging.
[bookmark: _fufh7n6r5cqz]B. CIFAR‑10 as a Benchmark Dataset
The CIFAR‑10 dataset is a well-established benchmark in image classification research, owing to its balanced class distribution, moderate complexity, and widespread use in academic studies [5].  It consists of 60,000 32×32 colour images across 10 classes, making it an ideal candidate for evaluating deep learning models [21]. [5] examine model generalization to novel test sets of the same distribution as models trained on CIFAR-10. Their results advise against overfitting, indicating that most CNNs perform poorly in cases where the data in the dataset appear slightly different to the training data. [6] performs a comparative analysis of CIFAR-10 human performance and deep neural networks. The findings indicate that human beings are more likely to perceive visually similar types of things, like cats and dogs, but CNNs are more likely to perceive structured and high contrasting types of things, like ships and automobiles. 
[bookmark: _gkondjax89ih]C. RNNs and Their Role in Deep Learning
Recurrent Neural Networks (RNNs) perform exceptionally well in processes that require sequential information and they include language modeling, speech recognition, and forecasting of time-series as opined by [14]. He emphasizes the fact that CNNs do better than the RNNs on the data that have a spatial structure such as images, whereas the RNNs can assume the tasks that are sequential. The methods of CNN-RNN hybrids described in [15] fit well in real-time settings, e.g., classifying sEMG patterns to control prosthetic limbs. [16] also points out that RNNs are necessary to capture short and long-term temporal dependencies on dynamic input.
[bookmark: _wn5fizcbc2xr]D. Hyperparameter Optimization and Optimizers
The performance of deep learning models has been closely related to the delicate balancing of hyperparameters like learning rate, dropout and batch size. The convergence speed of models and generalisation are also easier to determine through optimization strategies. In the study by [7], the researcher proposes an improved version of the Adam optimizer, making it more stable in its convergence, to overcome certain limitations of the initial algorithm. The article by [8] also introduces a highly effective method of optimizing, which enhances a faster training without affecting the accuracy. [10] consider more sophisticated hyperparameter tuning approaches and show that search over hyperparameters can be done systematically to achieve important gains in accuracy on fine-tuned CNNs. [11] also suggests a smart grid search process that is specifically built to use in the architecture of the custom CNN and can easily control the dropout parameter of the network, its batch size, and the depth of the network. These experiments emphasize potential improvements of systematic tuning in order to achieve the performance of models, particularly with non-trivial datasets like CIFAR-10 [21].
[bookmark: _9dutdydkuxpi]E. Evaluation Metrics in Deep Learning
Effective evaluation of classification models requires a multifaceted approach that goes beyond overall accuracy. Such common measures are using precision, recall, F1-score, and confusion matrices. According to [12], confusion matrices can help in giving detailed information on the performance of the model by telling which classes are being confused and how. This class level assessment is particularly relevant in datasets such as CIFAR-10 where inter-class similarity may cause many cases of misclassification. Instead, [13] suggest probabilistic versions to the benchmark evaluation measures that are a more detailed evaluation of performance in uncertain or unbalanced classification tasks. They are especially applicable to multi-class problems, where the fact that one feature may overlap another feature and labels may have grey areas may worsen the performance.
[bookmark: _3jwfntv1h33u]F. Data Pre-processing and Augmentation
Information pre-treatment and augmentation approaches are typical towards enhancing performance and stability of deep learning frameworks. Preprocessing is undertaken to achieve consistency and speed in the process of training, such as normalization, resizing, reshaping, and label encoding [17]. According to [17] an in-depth examination of preprocessing pipelines, these approaches are divided into noise removal, dimensionality reduction, transformation, and feature scaling. Their research supports the need to preprocess intelligently and more so when using image data. [18] emphasize on data augmentation algorithms like rotation, flipping, cropping, and brightness control. Those techniques prove to be effective in making the training set more diverse and preventing overfitting, a technique that is particularly effective when tasks are to be trained using relatively small datasets such as CIFAR-10. Such techniques are thought to be best practice in current deep learning procedures.
[bookmark: _mux281pp6wpd]III. Workflow Methodology
This study adhered to a systematic machine learning process in order to create, prepare, and test a convolutional neural network (CNN) in the CIFAR-10 image recognition task. All parts of the work process, such as data loading up to assessment, were selected according to the standard best practices and empirically supported in the literature [21].
[image: ]
Figure 2: Workflow Methodology Diagram
(Developed in Creately) 
[bookmark: _frlsmjk9tt0m]A. Tools and Libraries
This experiment was written in Python using high-level machine learning and data science libraries. The choice of model construction was determined by the ease of use provided by the API and the in-built convolutional layer provided by TensorFlow or Keras. It operated on NumPy, but also numerically, especially dealing with matrices, with which image tensor processing is built. Matplotlib and Seaborn were also used to create graphical representations of training curves and confusion matrices, whereas Scikit-learn was used to calculate such classification metrics as precision, recall, and F1-score. This is a toolkit that is reflective of the ecosystem that is followed in mainstream deep learning research [4].
[bookmark: _nesq5yulne2e]B. Data Loading and Pre-processing
The CIFAR-10 data was loaded with the inbuilt dataset utility in Keras. It contains 60000 32×32 colour images in 10 different classes. This was done by dividing pixel values by 255.0, which is a common preprocessing step that makes the convergence during training much faster [16]. The labels were converted into one-hot encoded vectors which enabled the model to consider the problem as a multi-class classification problem. Sample image visuals have been conducted to ensure that they loaded the dataset and a sample label correctly.
[bookmark: _28rlb1fidmfg]C. Reproducibility Practices
In order to maintain reproducible results in the experiment, fixed random seeds were configured in Python, NumPy, and TensorFlow libraries. This leads to the minimization of variation when running models and is in line with scientific experimental running principles in deep learning, as noted by [9].
[bookmark: _341fxu9k7m0a]D. Model Architecture
A small CNN network was hand-written in order to achieve a compromise between accuracy and the computation speed. Two convoluted layers (32 and 64 filters respectively) are used in the model with each being succeeded with max-pooling to decrease the spatial dimensionality. An operation of flattening is then followed by a dense layer consisting of 128 neurons activated with ReLU, followed by a regularization dropout layer of 0.3. The last softmax output layer has 10 units, which represent the classes of the CIFAR-10 [21]. This design is based on architectural principles suggested by [1] and [2], that focus on hierarchical feature extraction and overfitting mitigation [11].
[bookmark: _koeyo0sshvu]E. Callbacks and Training Strategy
The two callbacks were used to regulate training through EarlyStopping to quit, in case validation loss stopped improving, and ModelCheckpoint to save the best-performing model. By using these techniques, the generalization power of the model is maintained and prevents overfitting as proposed in [9].
[bookmark: _4xiuytopnkev]F. Compilation and Training
The Adam optimizer with the learning rate of 0.001, categorical cross-entropy loss, and accuracy were used to compile the model and identify the performance metrics. The training was done using 10 epochs and a batch size of 64 and a training split of 20%. This configuration gave quick convergence without excessive computing.
[bookmark: _bnyer4lveq5u]IV. Discussion and Recommendation
This section contains a critical discussion of the findings achieved with the use of the implemented CNN model on the of CIFAR-10 dataset and also contains an interpretative comment and practical suggestions grounded in the results of training, Behavior and Conduct of the model, and Comparisons to the literature and body of established research.
[bookmark: _mwkh96li7ppg]A. Results
The results of the experimental work on the application of a Convolutional Neural Network (CNN) to the CIFAR-10 dataset are provided in this section with the use of TensorFlow/Keras. Everything is a result of the following execution of the pipeline described in the implementation: load and preprocessing of data, through model training, evaluation and analysis, as well as visualization. The performance trends, confusion matrix, classification metrics, per-class accuracy and impact of variations in hyperparameters are described in the following subsections.
Dataset Overview
[image: ]
(Developed in Python)
CIFAR 10 has 60,000 32x32 colour images with 10 classes in it, which in turn was further broken down to 50,000 training and 10,000 test samples. The CIFAR-10 dataset was loaded through the provided utility of Keras, which loaded this dataset. Every image comprises three RGB channels, which represent the real-world objects such as airplanes, ships or animals.
Data Normalization
[image: ]
(Developed in Python)
The original pictures had pixel values that ranged between 0 and 255. All values were brought on a scale between 0 and 1 to normalize the inputs and have a better training stability. Convergence is improved and training time is minimized as a result of this transformation.
Label Encoding
Class labels, initially integers (0–9), were converted to one-hot encoded vectors. Such a format is needed in the case of categorical classification that involves the use of softmax activation and cross-entropy loss.
Reproducibility Setup
[image: ]
(Developed in Python)
NumPy, TensorFlow, and Python were held at random seeds to make the results of the experiments consistent. The step assists in removing variation of non-deterministic processes like weight initialisation or batch shuffling.
Visual Validation
[image: ]
Figure 3: Class “6” (frog)
(Developed in Python)
Training image with a sample was shown to ensure that data was loaded correctly and labelled correctly. The visual sample that was displayed under the class name “6” (frog) was properly formatted, and it demonstrated the integrity of data.
Model Architecture and Training Setup
[image: ]
[image: ]
(Developed in Python)
The implementation of a lightweight CNN was achieved on top of the Keras Sequential API. The model had two convolutional layers (Conv2D and 32 and 64 filters respectively) and then MaxPooling2D to downsample the space. The tilted output was then flattened and a Dense layer of 128 neurons with ReLU activation was used. A Dropout layer was inserted with a 0.3 rate, which minimized overfitting by randomly disabling 30% of neurons during training. The last layer Dense was the Dense layer with 10 output neurons that were triggered using the Softmax to estimate probabilities of classes. This model was built to achieve stable convergence with the Adam optimizer (learning rate = 0.001), categorical crossentropy as a loss function and accuracy as an evaluation metric.
Callbacks: EarlyStopping and ModelCheckpoint
[image: ]
(Developed in Python)
In order to increase the efficiency of training and avoid overfitting, two important callbacks have been introduced. The validation loss was followed up by EarlyStopping, which automatically stopped training provided that there was no more improvement after 3 consecutive epochs, and restored the best weights. The model with the best validation accuracy was kept by ModelCheckpoint at the same time. The combination of these callbacks guaranteed the best model performance without wasting on training time and performance deterioration.
Training Performance and Learning Curves
[image: ]
(Developed in Python)
The CNN model was trained based on 10 epochs with a batch size of 64 and validation split of 20% of the training data. During the epochs, there was a continuous increase in the training accuracy with an initial starting point of about 32% and a final epoch of about 72.76%. The accuracy of validation also increased at the same time reaching maximum at around 68.34%. These values show that the model was able to learn the patterns that the data presented and at the same time a good generalization, but a small difference between the training and validation accuracy at the end, may have been an indication of early overfit.
[image: ][image: ]
Figure 4: Accuracy over and loss over Epochs
(Developed in Python)
This observation was supported by loss curves. The training loss declined steadily to 0.76 as opposed to 1.85 and the validation loss also declined steadily to 0.90 as opposed to 1.38 which indicated constant optimization. The trends were plotted based on accuracy and losses at different epochs utilizing Matplotlib. The smooth curves reflected the good behavior of the models, indicating that the optimizer (Adam) worked as expected and that the learning rate and the architecture were correctly chosen to tackle the task.
Confusion Matrix and Class‑Level Predictions
[image: ]
(Developed in Python)
The confusion matrix provides an in-depth understanding of the classification behaviour of the model on all ten classes of CIFAR-10. High diagonal values on the matrix show a high degree of accuracy in recognizing discrete classes like automobiles (834 correctly predicted), ships (810) and trucks (789) which demonstrates that the model is competent in recognizing man-made objects that have organized structures. But on animal groups such as cat, dogs and deer, where appearances tended to be visually similar, textures and shapes tended to form significant misclassifications; cats were confused with dogs or deer. This inter-class confusion is supportive of the previous research carried out by [6] on the similarity of perception when using animal images. There was also a small overlap in irrelevant classes such as birds and frogs.
[image: ]
Figure 5: Confusion Matrix
(Developed in Python)
This matrix therefore confirms the overall ability of the model, as well as the issues in the visual discrimination at fine grains. This may indicate that in the future more elaborate architectures or sophisticated augmentation plans may be developed to increase performance on classes that are visually similar.
Classification Report
[image: ]
(Developed in Python)
The classification report offered the insight of the performance of the model by individual per-class, and it was found that there were variations in predictive capability. The precision was 0.55-0.85 and the recall was 0.50-0.88 in the various classes. These scores were converted into F1-scores which indicated a balanced trade-off between precision and recall. The model had an overall test accuracy of about 60.9%, which is a standard with basic CNNs without further architectures or data augmentation on CIFAR-10.
Per-Class Accuracy Visualization
[image: ]
Figure 6: Per-Class Accuracy Graph
(Developed in Python)
The per-class accuracy chart indicated that visually distinct classes like automobile, ship and truck had a high level of accuracy with a range of between 78% and 85%. On the contrary, the worst results were in cat, dog, and deer classes, with accuracy decreasing to about 55-58%, which means that the model cannot differentiate small visual similarities.
Hyperparameter Comparison
[image: ]
(Developed in Python)
Comparison of three CNN configurations showed that the dropout rate and the batch size affected the overall performance. The first model below employed a dropout rate of 0.3 and a batch size of 64 which gave it an accuracy of 0.735. The resulting decrease of accuracy to 0.726 with an increase in the dropout rate to 0.4 shows that too high a dropout rate can make it difficult to learn meaningful patterns by the network. Conversely, when the batch size is changed to 54 and dropout remains at 0.3 the accuracy is maximum, 0.756. This advancement indicates that smaller batch sizes may make more frequent updates to the gradient, which are good in generalization.
[bookmark: _1yewe5mchhcf]B. Recommendations and Future Work
Based on the observed performance and insights from the literature, several recommendations emerge
· Incorporate Data Augmentation: Since the generalization will be presumably enhanced as well as the potential of overfitting will be minimized, it is likely to include rotation, translation, and flipping transformation at training [18].
· Enhance Model Complexity: The use of more complex CNN architectures, including ResNet or DenseNet, can lead the model to find more abstract and high-level features [3].
· Fine-tune Hyperparameters: Optimizing the dropout rate, learning rate schedule and batch sizes to fit a maximally performing model could be done further by a systematic grid search or Bayesian optimization as Aktas [11] demonstrates.
· Leverage Advanced Evaluation Metrics: In case of imbalanced or ambiguous predictions, we can apply probabilistic F1-score extensions [13] and use precision-recall curves to gain a more informative insight.
· Explore Hybrid Architectures: Experiments in the future may look at CNN-RNN hybrids in image sequence data or look at transformer-based models which have demonstrated the state-of-the-art in both image and text tasks.
[bookmark: _j40vqar05s27]V. Conclusion
This study demonstrated how to implement and test a Convolutional Neural Network (CNN) using the CIFAR-10 dataset and a focus on the model performance according to various measures and tuning strategies. On the other hand, the accuracy was lower in case with the similarity of the visual representations of the different classes of the animals like cat and dogs meaning that they had a problem of distinguishing between subtle features. Such callback strategies as EarlyStopping and ModelCheckpoint were used in order to enhance the performance of training and prevent overfitting. Loss and accuracy curves ensured a constant process of learning. The classification report and the confusion matrix showed the strengths and weaknesses by the class levels with macro and weighted F1-scores close to 0.69. Hyperparameter optimization showed that generalization was better under fewer batch sizes and dropped out. Although the model achieved the baseline expectations, future efforts relating to more intensive architectures, augmentation, or attention mechanisms can tremendously improve performance, particularly on the more difficult categories.
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