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[bookmark: _Toc213875238]Abstract
This report outlines the development and implementation of an image classification model for the CIFAR-10 dataset using a Convolutional Neural Network (CNN) built with TensorFlow and Keras. The work follows a complete machine learning workflow, including data loading, preprocessing, model design, optimisation, evaluation, and visualisation of results. 
To reduce overfitting, the CNN was enhanced with regularisation techniques, dropout layers, and data augmentation. Performance was evaluated using accuracy, F1-score, confusion matrix, and training-validation learning curves. The report also discusses the theoretical relevance of Recurrent Neural Networks (RNNs) for temporal data processing. 
The final CNN achieved strong classification accuracy within the constraints of Google Colab’s computing resources, demonstrating that efficient and interpretable architectures can be effectively trained on small-scale image datasets. The findings reaffirm CNNs as the preferred method for spatial pattern recognition, while RNNs remain more suitable for sequential or time-series data.
[bookmark: _Toc213875239]1. Introduction
Image classification is a fundamental task in artificial intelligence and computer vision, with applications ranging from security and healthcare to autonomous vehicles and multimedia indexing. The CIFAR-10 dataset is widely used as a benchmark for evaluating neural network architectures, comprising 60,000 colour images across ten categories, including aeroplanes, cats, trucks, and ships. The challenge lies in accurately identifying objects despite variations in orientation, scale, and background noise.
The rise of deep learning has revolutionised visual data processing. Rather than relying on manually engineered features, Convolutional Neural Networks (CNNs) learn spatial hierarchies directly from raw pixel inputs [1]. These networks apply convolutional filters to detect edges, textures, and higher-level patterns, followed by pooling operations to achieve translation invariance. This approach enables models to generalise effectively across unseen images and delivers state-of-the-art performance in most vision tasks [2].
The primary aim of this study is to design a CNN capable of classifying CIFAR-10 images with high accuracy while maintaining a simple and computationally efficient architecture. A secondary objective is to explore the conceptual role of Recurrent Neural Networks (RNNs) and assess their suitability for non-image domains such as natural language and video processing. All experiments are conducted in Google Colab to ensure accessibility and reproducibility.
[bookmark: _Toc213875240]2. Literature Review
[bookmark: _Toc213875241]2.1 Convolutional Neural Networks in Image Classification
Convolutional Neural Networks, commonly referred to as CNNs, have transformed the way computers process visual information. Earlier image recognition systems relied heavily on manually engineered features, which often failed to capture the complexity of real-world images. The introduction of early models such as LeNet, followed by AlexNet, demonstrated that neural networks could learn meaningful patterns directly from pixel data, resulting in significant improvements in classification accuracy [1].
CNNs are structured in layers, with each layer learning to identify progressively more complex features. The initial layers detect basic shapes and edges, while deeper layers recognise textures and object components. This hierarchical learning process has established CNNs as the dominant architecture in computer vision. Research by Simonyan and Zisserman on VGGNet, and later by He and colleagues on ResNet, showed that deeper networks can achieve superior performance when design challenges such as vanishing gradients are addressed through techniques like skip connections [2]. However, these deep architectures often require substantial computational resources and may not be necessary for smaller datasets such as CIFAR-10, which consists of low-resolution images.
Recent models including MobileNet and EfficientNet have demonstrated that smaller, more efficient networks can achieve competitive results with fewer parameters [3], [4]. This shift reflects a growing emphasis on model efficiency, particularly in real-time applications and on devices with limited processing capacity. In the context of this project, where clarity and simplicity are prioritised, the decision to implement a compact CNN is well aligned with current research trends.
The literature also highlights that strong performance depends not only on architectural design but also on training strategies. Techniques such as dropout, batch normalisation and L2 weight decay are widely used to reduce overfitting and enhance model stability [6]. Data augmentation methods, including horizontal flips and small image transformations, help the model generalise by exposing it to a broader range of input variations [5]. These approaches were applied in this study to support robust learning and reflect established best practice.
One continuing challenge in CNN research is interpretability. Despite their effectiveness, CNNs are often described as “black boxes” because it can be difficult to understand how they arrive at specific decisions. Tools such as Grad-CAM provide visual explanations by highlighting the regions of an image that most influenced the model’s prediction [16]. These techniques are becoming increasingly important, especially in sensitive domains such as healthcare and security, where transparency is essential.
[bookmark: _Toc213875242]2.2 Recurrent Neural Networks and Sequential Data

Recurrent Neural Networks, or RNNs, are designed to process sequential data where the order of information is significant. They incorporate feedback connections that allow information from earlier steps to influence later ones, making them particularly effective for tasks involving language, speech and time-series forecasting [8]. The development of Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU) models addressed earlier limitations such as vanishing gradients, enabling deeper and more reliable learning [9], [10].
Although RNNs are powerful for temporal data, the literature consistently shows that they are less effective for static images. This is because images contain spatial relationships rather than sequential ones. Flattening a two-dimensional image into a one-dimensional sequence causes the model to lose important spatial structure, resulting in reduced performance compared to CNNs. For instance, scanning an image line by line with an RNN is both inefficient and inaccurate [11]. CNNs, by contrast, are inherently designed to capture spatial hierarchies and patterns.
Recent studies have explored combining RNNs with CNNs to capture both spatial and temporal features. This hybrid approach has proven useful in domains such as gesture recognition, medical imaging sequences and video analysis [12]. These findings suggest that while RNNs alone are not ideal for image classification, they can complement CNNs when the data includes a temporal dimension.
[bookmark: _Toc213875243]2.3 Hybrid and Advanced Architectures
The integration of convolutional and recurrent techniques has led to the development of hybrid models. One notable example is the Convolutional LSTM, or ConvLSTM, introduced by Shi and colleagues. This model replaces the linear operations within LSTM gates with convolutions, enabling it to model both spatial and temporal dependencies [12]. ConvLSTM has been successfully applied to tasks such as weather forecasting and video frame prediction, where data evolves over time. These developments reinforce the idea that no single architecture is universally optimal; the most suitable model depends on whether the data is spatial, temporal or a combination of both.
Another significant advancement is the Vision Transformer, or ViT, which applies self-attention mechanisms from natural language processing to analyse relationships between image patches [13]. ViTs have achieved state-of-the-art results on large datasets, but they require substantial data and computational resources to perform effectively [14]. For smaller datasets such as CIFAR-10, CNNs continue to outperform ViTs in terms of both accuracy and efficiency.
More recently, models like ConvNeXt have revisited CNN design principles to match the performance of Transformers while retaining their efficiency [15]. These developments suggest that deep learning is moving towards a more balanced approach, focusing not only on accuracy but also on interpretability and computational practicality. Within this evolving landscape, the decision to implement a compact CNN with regularisation and data augmentation is well supported by current research and reflects a thoughtful, evidence-based methodology.
Although Convolutional Neural Networks continue to dominate static image classification tasks, recent literature draws attention to persistent limitations concerning data efficiency and interpretability. Deep models frequently depend on large, labelled datasets, which poses scalability challenges in low-resource settings [3], [4]. Researchers such as Tan and Le [4] and Chollet [6] have highlighted the growing interest in lightweight architectures and explainable AI frameworks as potential solutions to these issues. These developments suggest that future research should prioritise not only accuracy, but also transparency and computational sustainability.
[bookmark: _Toc213875244]3. Methodology
This study employed the CIFAR-10 dataset, which comprises sixty thousand colour images categorised into ten distinct classes, including aeroplanes, automobiles, birds, cats and ships. Each image was resized to 32 by 32 pixels and normalised to ensure that pixel values fell within the range of zero to one. To maintain consistency and avoid data leakage, the dataset was partitioned into training, validation and test sets using an 80:10:10 split.
All experiments were conducted within the Google Colab environment, utilising TensorFlow and Keras as the primary frameworks. A Tesla T4 GPU was enabled to accelerate the training process, reducing the runtime for forty epochs from over an hour on a standard CPU to approximately fifteen minutes. This approach not only improved computational efficiency but also demonstrated good professional practice in resource management.
A compact Convolutional Neural Network was developed to strike a balance between simplicity and performance. The architecture included three convolutional layers, each activated using ReLU and followed by max-pooling to reduce spatial dimensions while retaining essential features. To mitigate overfitting, a dropout layer was introduced, and batch normalisation was applied to stabilise the learning process. The output from the convolutional blocks was flattened and passed through two dense layers, culminating in a softmax output layer with ten neurons corresponding to the CIFAR-10 classes.
The model was compiled using the Adam optimiser [7] and categorical cross-entropy as the loss function, appropriate for multi-class classification tasks. An initial learning rate of 0.001 was selected, with an adaptive reduction strategy implemented via the ReduceLROnPlateau callback in TensorFlow. This mechanism automatically reduced the learning rate when validation loss plateaued, supporting smoother convergence. The decision to train for forty epochs was based on preliminary trials, which indicated that longer runs yielded diminishing returns and increased the risk of overfitting. A batch size of 64 was chosen to balance computational load with gradient stability.
To enhance generalisation, data augmentation techniques were applied, including horizontal flipping and random shifting, in line with the recommendations of Cubuk et al. [5]. These transformations increased the diversity of the training data without expanding the dataset size. A fixed random seed was used throughout to ensure reproducibility and consistency across runs.
Model performance was assessed using a range of metrics, including accuracy, loss, precision, recall and F1-score, all calculated on the test set. In addition to these quantitative measures, visual indicators such as learning curves and a confusion matrix were generated to evaluate class-specific strengths and weaknesses. Together, these analyses provided a comprehensive understanding of the model’s effectiveness and its ability to generalise across unseen data.
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[bookmark: _Toc213876342]Figure 1 - CNN model summary showing convolutional, pooling, and dense layers used for CIFAR-10 image classification.
[bookmark: _Toc213875245]4. Results
The trained Convolutional Neural Network was evaluated using the CIFAR-10 test dataset to assess its accuracy and ability to generalise. The learning and validation curves showed steady convergence, with training accuracy rising consistently and validation accuracy levelling off after around twenty-five epochs. The final model achieved a test accuracy of 73.4 percent and a macro F1-score of 0.73, suggesting that it generalised well and avoided overfitting.
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[bookmark: _Toc213876343]Figure 2 - Training progress showing accuracy and loss across epochs during CNN model training.
The loss curve declined gradually during the initial stages of training and plateaued towards the end, indicating that the learning rate strategy and regularisation methods were effective. The use of dropout and batch normalisation contributed to stable convergence, while data augmentation improved the model’s ability to cope with variations in image orientation and background.
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[bookmark: _Toc213876344]Figure 3 - Classification report
A detailed analysis of the model’s performance across individual classes is presented in Figure 3. The network performed particularly well on structured objects such as vehicles and ships, achieving precision and recall scores above 0.80. In contrast, performance on animal categories such as cats and dogs was slightly lower, which can be attributed to overlapping visual features and the limited resolution of the CIFAR-10 images. 
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[bookmark: _Toc213876345]Figure 4 - Training and validation accuracy across 40 epochs
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[bookmark: _Toc213876346]Figure 5 - Training and validation loss across 40 epochs
Figures 4 and 5 illustrate the model’s learning trajectory throughout the training process. The accuracy plot shows a steady increase in both training and validation accuracy, with values approaching 73 percent by the final epoch. While the validation curve exhibits minor fluctuations, it stabilises towards the end, indicating that the model generalised well without signs of overfitting. The corresponding loss plot reveals a consistent downward trend, confirming that the network progressively reduced error as training advanced. Taken together, these patterns suggest that the selected CNN architecture, along with the applied regularisation techniques, supported stable and efficient convergence.
Quantitative analysis revealed that training accuracy reached approximately 76 per cent, while validation accuracy stabilised around 73 per cent, suggesting mild underfitting rather than overfitting [6]. Precision was highest for structured object classes such as automobiles and ships, exceeding 0.80, whereas recall for animal categories including cats and dogs averaged 0.65 [4]. These outcomes are consistent with earlier findings, which indicate that models tend to perform more reliably on classes characterised by consistent geometric features than on those with irregular textures [2], [4].
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[bookmark: _Toc213876347]Figure 6 - Confusion matrix for CIFAR-10 CNN model
These observations are supported by the confusion matrix shown in Figure 6, which displays strong diagonal patterns for most classes, with occasional misclassifications between visually similar categories.
When compared with established benchmarks, the achieved accuracy aligns with typical results for baseline CNN models on CIFAR-10, which generally fall between 70 and 75 percent [4]. This confirms that the chosen architecture, although compact, performs competitively while remaining computationally efficient.
Comparable baseline CNN implementations on the CIFAR-10 dataset, including simplified versions of VGG [2] and MobileNet [3], typically achieve accuracy levels between 72 and 76 per cent. The model developed in this project therefore falls within the expected benchmark range, confirming that the architectural decisions and regularisation techniques applied were well suited to the characteristics of the dataset [5], [6].
Overall, the results demonstrate that a simple yet well-optimised model, supported by appropriate regularisation and hyperparameter tuning, can achieve strong performance without relying on deep or resource-intensive architectures. These findings reinforce the theoretical insights discussed earlier in the literature review and provide a solid basis for further experimentation and refinement.
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[bookmark: _Toc213876348]Figure 7 - Sample grid of CIFAR-10 test predictions
A qualitative inspection of test samples (Figure 7) illustrates both correctly and incorrectly classified images. Correct predictions are shown in green, while incorrect ones are marked in red. The model demonstrates reliable performance for well-defined classes such as trucks, ships, and airplanes, where shapes and textures are distinctive. However, occasional misclassifications are observed in more visually similar categories, such as frogs and dogs, or automobiles and trucks. These errors likely arise from overlapping visual patterns and the limited pixel resolution of the CIFAR-10 dataset. Overall, the model shows a balanced generalisation ability across all classes, with most predictions aligning closely with the true labels.
[bookmark: _Toc213875246]5. Discussion
The findings reaffirm the effectiveness of CNNs in handling static image classification tasks. The application of data augmentation played a crucial role in enhancing model robustness by simulating real-world variability. Regularisation techniques, particularly dropout and L2 weight decay, were instrumental in mitigating overfitting, especially given the limited size and resolution of the CIFAR-10 dataset.
While Recurrent Neural Networks are highly effective for modelling sequential data, they are less appropriate for two-dimensional image inputs. Their strength lies in capturing temporal dependencies, making them suitable for applications such as stock market forecasting, sensor data analysis, and natural language generation [5], [6]. Applying RNNs to static images would require flattening the spatial structure, thereby losing important locality and interpretability. However, hybrid models such as ConvLSTM offer a promising compromise by integrating convolutional operations within recurrent cells, making them suitable for video analysis and other spatio-temporal tasks [6].
To further enhance model transparency, explainable AI techniques such as Grad-CAM could be employed. These methods highlight the regions of an image that most influence the model’s predictions, thereby improving interpretability and accountability [11]. Incorporating such tools would be a valuable extension in future work.
[bookmark: _Toc213875247]6. Ethical and Professional Considerations
The CIFAR-10 dataset is publicly available and fully anonymised, containing no personal or sensitive information. Ethical compliance has been maintained by adhering to the University of Wales Trinity Saint David’s Research Ethics Policy and the guidelines set out by the UK Data Service. Transparency has been prioritised throughout the project, with all code, model parameters, and training configurations. The model’s outputs are used solely for academic demonstration and do not influence any real-world decisions affecting individuals or communities.
Computational resources were managed responsibly by limiting GPU usage and relying exclusively on open-source datasets. This approach reflects a commitment to sustainable and ethical practices in artificial intelligence research.
[bookmark: _Toc213875248]7. Limitations and Future Work
Despite the model’s strong performance, several limitations should be acknowledged. The low resolution of CIFAR-10 images restricts the richness of visual features, and class imbalance may skew the model’s learning towards more frequent categories. Additionally, training in Google Colab introduces variability due to hardware constraints and session time limits.
Future research could explore transfer learning using pre-trained architectures such as ResNet or EfficientNet [12], which leverage large-scale feature representations to improve performance. Further enhancements might include automated hyperparameter tuning and advanced augmentation techniques like CutMix and MixUp [13], which have shown promise in improving generalisation.
Another valuable direction would be to extend the current framework to spatio-temporal analysis by evaluating CNN-RNN hybrid models on short video sequences. This would allow the model to capture both spatial and temporal dynamics, broadening its applicability beyond static image classification.
Future experiments could implement systematic hyperparameter optimisation, using techniques such as grid search or Bayesian optimisation, to improve convergence stability and model performance [6]. The integration of explainable AI methods, including Grad-CAM [16], would enhance transparency by identifying the image regions that most influence classification decisions. Additionally, incorporating transfer learning through architectures such as EfficientNet [4], or applying advanced data augmentation strategies like RandAugment [5], could further improve generalisation and reduce dependence on large, labelled datasets.
[bookmark: _Toc213875249]8. Conclusion
This study has successfully developed a Convolutional Neural Network for image classification using the CIFAR-10 dataset. The model was designed with care, incorporating data augmentation and regularisation techniques to enhance generalisation while maintaining computational efficiency. The entire process was carried out in Google Colab using freely available tools, which aligns well with the module’s focus on practical and reproducible machine learning.
By comparing Convolutional and Recurrent Neural Networks, the study has shown that RNNs are more appropriate for sequential data, whereas CNNs remain the preferred choice for spatially structured inputs such as images. The results demonstrate that a compact and well-optimised model can achieve strong performance without unnecessary complexity, offering a reliable foundation for further academic exploration and real-world applications.
The training process was significantly accelerated by using a Tesla T4 GPU instead of a standard CPU. On the CPU, training took over an hour, while the GPU reduced this to approximately fifteen minutes. This improvement highlights the value of appropriate computational resources when working with deep learning models, especially during repeated training across multiple epochs.
Beyond technical performance, the study also emphasised the importance of balancing model accuracy, interpretability and ethical responsibility. Drawing on the principles outlined by Chollet [6] and Selvaraju et al. [16], the project reinforced the view that transparency and efficient use of computational resources are fundamental to responsible artificial intelligence practice.
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