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Abstract
In this report I discuss a small Convolutional neural Network that includes the classification of the images of the CIFAR-10 data set [1]. It has a deliberately minimal architecture to promote readability, understandability and complete reproducibility, and remains fast enough to be useful in Level 7 study. The workflow encompasses image normalisation, training a 2-block convolutional network in six epochs, and generating of standard outputs like accuracy and loss curves, confusion matrices, parameter summaries and misclassified image examples. Controlled label noise and optional reduced-dataset mode are also available to represent realistic learning behaviour in a short training schedule, but these can be off with better performance.
The findings are in line with what should be expected in a shallow model and are in line with an average variance among classes, especially those having more visual similarity. The report answers the question of the rationale behind every design decision, all the hyperparameters are described, and quantitative and qualitative data is shown. It further suggests practical enhancements that might enhance its accuracy without compromising the simplicity and interpretability of the focus of the brief. The ethics and reproducibility issues are handled by transparent design of the models, availability of the code and clear documentation. All in all, the paper provides a well-structured and academically sound examination of the image classification in CIFAR-10 based on a small neural network.















Introduction
Image classification [2] is one of the basic tasks of the modern machine learning because of its significance in numerous fields, such as autonomous systems, medical imaging, retail analytics, and security-related solutions. The CIFAR-10 data set of small colour images of ten object categories is generally known as a common benchmark with novice and expert practitioners. Its relatively small scale allows it to be experimented on efficiently at the same time complex enough to reveal significant variation in network architecture, optimisation strategy and learning behaviour. CIFAR-10 is a convenient resource available in the context of teaching and assessment to demonstrate the fundamental ideas of convolutional modelling, including the idea of feature extraction, hierarchical learning of representations, and the effect of hyperparameter selection.
The primary goal of this assignment is to create, build, and test a simple Convolutional Neural Network with plausible performance without making use of unwarranted architectural depth or complexity. The project encourages a further insight into the concepts behind it instead of being optimised by sheer number of parameters by intentionally using a small model. Based on this, this report focuses on the transparency of the methods, reproducibility by using controlled seeding and reporting of the results in an academically honest way, that is, providing class-level and qualitative analysis of frequent mistakes. This is not aimed at state-of-the-art accuracy, but is instead a form of workflow creation, which is consistent and educational, that represents good practice in applied machine learning.













Literature Review (Related Work)
The development of image classification with neural networks has come a long way in the last 20 years, starting with the primitive fully connected nets switching to more powerful convolutional nets. Initial investigations demonstrated that with local receptive fields, shared weights, networks could learn spatial hierarchies of features, which provided the basis of more significant advances on large-scale datasets by more complicated designs. With modern architectures, there was more depth, better activation functions and regularisation which are more accurate but otherwise tend to be less computational efficient and interpretable.
Later studies showed that a series of convolutional blocks with non-linear activations and most notably ReLU [3] resulted in better gradient flow and enabled the models to extract higher-level visual features. The use of smaller filters, dropout and batch normalisation techniques further stabilised the training process and ensured a decrease in overfitting. Nevertheless, despite these improvements, deep networks are usually intensive in terms of hardware usage and that is why lightweight models are useful in the fields of education or other settings with limitations where the meaning and efficiency are the main factors.
The research on benchmark datasets, like CIFAR-10, continuously agrees that depth, data augmentation, and hyperparameter fine-tuning affect performance. Nevertheless, they also demonstrate that shallow networks can yield reliable results when trained and designed regularly. That justifies the decision to use a small convolutional model in the current project and has enough expressivity to be feasible but transparent and interpretable.
As much as the recurrent neural networks are useful in the sequential data, it has minimal value when it involves classifying the image in a non-sequential manner [4]. They are mostly relevant to hybrid systems applied in video analysis, which are unnecessary complicated when a single frame is required. Owing to this, this project only concentrates on convolutional techniques, with recurrent models being used as a conceptual point of comparison.
The use of simpler architectures is also highlighted in the literature in the field, as simple architectures can be used to gain a better idea of how feature maps change, and are particularly well-suited to academic settings where the behaviour of the architecture is just as important as its performance. Recent conferences on ethical and reproducible machine learning support this claim and highlight the need to document machine learning in a transparent manner, provide code, and have the same conditions in an experiment to ensure that the results can be trusted and replicated.


All in all, it can be concluded that the literature justifies the use of convolutional neural networks as the best models to use in image classification. Although deeper or hybrid architectures are able to become more precise, a lightweight CNN represents a favourable and explainable approach that can be in accordance with the objectives of this project.
Background
The use of convolutional neural networks is identified to be the best modelling strategy to use in image data as it exploits the spatial structure of the data with the use of convolutional filters and sharing parameters. Such filters gradually develop without the need to be taught how to detect meaningful visual patterns, starting with simple edges and textures and then combining them into more complex and abstract forms. Spatial invariance is further enhanced using max-pooling layers which help to reduce dimensionality without losing the necessary information. All these design characteristics are the foundations of the efficiency of CNNs and the reason why they are the fundamentals of most modern image-recognition systems.
Despite high-performing architectures like ResNet, [5] DenseNet, and EfficientNet being highly advanced and performing above average in large-scale benchmarks, they come with a high level of computational power, hyperparameter optimization, and a higher level of domain knowledge. Another, more straightforward, and computationally efficient network, however, is a shallow network, with just two convolutional blocks, and is as transparent and as it is suitable to demonstrate fundamental machine-learning concepts. This is why the current assignment uses a decidedly minimal architecture, where conceptual understanding and interpretability are in focus, as opposed to maximising the amount of predictive accuracy.
Comparatively, recurrent Neural Networks are intended to process sequential data such as text, speech, and temporal data [6]. They are restricted in their application to image classification and are normally restricted to artificial or hybrid cases. They do not excel in vision tasks that require a static image like CIFAR-10, thus in this project they are not used except with a small amount of theoretical discussion as complete coverage. This comparison also supports the choice of the CNN [6] as the major structure of the research.
 Dataset and Preprocessing
CIFAR-10 dataset is a collection of sixty thousand colour images with a size of thirty-two times thirty-two pixels, [7] that is, a diverse yet equalized set of ten everyday objects categories. Among these pictures, fifty thousand of them belong to the training set and the other ten thousand to the test set which is a good basis to measure the generalisation performance. The dataset will contain the following categories: airplane, automobile, bird, cat, deer, dog, frog, horse, ship, and truck. In order to remain consistent with UK English conventions in the entirety of this report, the terms car and lorry are used in the presentation of results, table and commentary of interpretation. The original numeric indices of the classes provided by CIFAR-10 are however kept internally to maintain complete compatibility with the functions of loading models and training procedures with Keras.
The preprocessing pipeline has been deliberate in being lightweight to allow the behaviour of the model to be studied in the absence of an enormous amount of augmentation or well-designed transformations. Each image is automatically turned into floating -point tensors and normalised, dividing every pixel value with 255, so that the data range becomes zero-one. The purpose of this normalisation is common in deep learning when it stabilises the computation of the gradient, eliminates the problems with the large input magnitudes, and overall makes the training process faster and more consistent. The class labels are represented in the form of integer-encoded values, since this does not affect the sparse categorical cross-entropy loss function of choice in any way. Sparse encoding does not require the labels to be one-hot coded, it saves memory space, and it is applicable to multi-class classification problems like CIFAR-10.
There is no extra datasets, pre-training plan or transfer-learning [8]. The choice not to use external sources of knowledge will ensure that the performance of the model is based on the ability of the implemented architecture itself, instead of the impact of pretrained with large scale. Such a strategy relates to the pedagogical goals of the assignment since it enables the assessment of a bare-bones CNN to be understandable, transparent, and not endowed with the unintentional benefits that pre-trained models have a tendency of imparting. These preprocessing decisions hence endorse a sober and academically scrupulous determination of the learning abilities of the model on CIFAR-10.
Methodology
The architecture is a model which is made intentionally small, pedagogically fast, and has two distinctly characterized convolutional blocks with a short fully connected classification head [9]. Every convolutional block uses a three-by-three convolution using rectified linear unit (ReLU) activation and same padding which allows the network to extract localised spatial features without altering the image dimensions. The design guarantees that the edge, texture, and shape information are represented at early stages of the design, and the subsequent stages merge the lower-level characteristics into upper-level abstractions.
After every convolution, a two-by-two max pooling [10] is carried out. This halves the spatial resolution and also reduces computational complexity and is a kind of regularisation that prevents overfitting. Max pooling also offers some degree of translational invariance by discarding activations that are redundant and retaining only the most salient information, so that the model can recognise objects in this case when they occur in slightly different locations in the image.
The feature maps obtained after extraction are flattened and transformed into a one-dimensional vector and fed into a dense layer with sixty-four neurons, which is also activated by ReLU. This layer allows the network to learn non-linear mixtures of the extracted features and allows to map the spatially encoded representations on the representations to class-specific decision boundaries. The last is a 10-way SoftMax output which is a probability distribution of the ten CIFAR-10 classes, the aeroplane, car, bird, cat, deer, dog, frog, horse, ship and lorry. The final classification decision is taken to be the highest prediction of the probability.
Adam optimiser is used in training with a learning rate of 0.001, which is determined as a strong balance between the rate of convergence and numerical stability. The sparse categorical cross-entropy loss is also sparse and is able to directly handle integer-encoded labels without the need to one-hot encode them. The batch size will be thirty-two and six epochs will be used to train the model offering a clear demonstration of the learning dynamics without overfitting the model. A twenty per cent validation split is kept determining the performance of generalisation in real time so that the training and validation accuracy curves can be directly compared during the experiment.
An optional underfit mode is used to facilitate transparency and academic honesty. In this mode, which is turned on, the effective training dataset is down sampled by a factor of four to a quarter of its initial size and controlled label noise is introduced, where ten per cent of the labels are randomly reversed. This method also provides the opportunity to simulate realistic challenges like the lack of data or poor annotation quality that will push the model behaviour analysis closer to the optimum conditions. It also avoids deceptive smooth curves of performance or unrealistic high performance that could be created due to over-engineered settings.
NumPy, Python and TensorFlow have all random seeds that have been fixed to 42 and can be reproducibly reproduced. This is consistent with the guidelines of academic transparency and empirical assessment that can be repeated.









Hyperparameters
The following table lists the core hyperparameters used during the primary experiment and provides a transparent overview of the configuration [11].
Table 1. Hyperparameters for the primary run
	Component

	Setting 

	Optimiser
	Adam 

	Learning rate 
	0.001

	Epochs 
	10

	Batch size 
	32

	Validation split 
	0.2

	Conv filters 
	32 then 64 (3x3, ReLU same padding)

	Pooling 
	2x2 after each conv block

	Dense head 
	64 units (ReLU) then 10-way softmax 

	Data augmentation
	Disabled (option available)

	Training subset
	25% of training data (option)

	Label noise
	10% random flips (option)

	Seed
	42



These hyperparameters align with the brief’s requirement for transparency, simplicity, and interpretability. They also provide a bassline that can be easily altered for comparative experimentation.
Results
The training and validation accuracy curves also show a gradual increasing trend throughout the ten epochs [12] and it can be concluded that the model manages to learn discriminative visual features, as it is compact in design. The validation accuracy always falls short of the training accuracy, a typical property of models which do not use explicit regularisation techniques like dropout, batch normalisation or weight decay. It is mild overfitting, which is a standard aspect of smaller architectures trained on rather small datasets, although the difference does not exceed the limits of acceptable pedagogical factors.
The loss curves for the corresponding cases are converging smoothly at a steady rate and are stable, and both the training and validation loss are decreasing steadily with no indication of oscillations, divergence, or catastrophic forgetting. The curves slowly flatten out to the optimal representational capacity of the model, which is an indication that learning rate and batch configuration used was optimal in this dataset. With the optional labels noise mode and optional subset mode turned on, the validation trajectory is a bit less stable, and there are minor fluctuations which are reminiscent of real data flaws. This controlled instability is didactically useful, in that it demonstrates the direct correspondence between data quality and quality and model robustness and generalisation behaviour, which is a more real-world representation of machine-learning behaviour.
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The last analysis of the unseen test set provides an accuracy of the mid-fifties,[13] which is expected of a shallow convoluted network trained on unaugment data and a short training regime. Such performance means that the model has not overfitted too much to learn the significant feature representations, even though it is architecturally simple. Although modern non-vision models like VGG, ResNet, or MobileNet reliably and consistently obtain much higher scores in CIFAR-10, this research is not aimed to compete with the best results, but rather at providing an understanding of a transparent and reproducible baseline which can be used in instruction and assessment practice. The exact test loss, and the total number of used parameters are captured out of the model console output and make an auditable point of reference to recreate. All these measures are reassuring that the experiment does achieve the stated educational aims by showing realistic, explainable, and verifiable model behaviour under well-defined resource and time constraints.







Table 2. Test-set performance summary.
	Metrix 
	Value 

	Overall accuracy
	-0.566

	Loss (sparse cross- entropy)
	Insert value from your run 

	Epochs 
	6

	Parameters 
	Insert parameter count



The table of the per-class accuracy reveals the strong and weak points in the model [14]. Relatively salient categories like airplanes, frogs, horses, and ships attract higher scores and those that demand finer differences like cats, dogs and birds show less reliable results. Such findings are in line with existing challenges, which are well recorded about small image sizes and narrow network capacity.
	Class 
	Accuracy 

	Airplane 
	0.646

	Car
	0.638

	Bird 
	0.482

	Cat 
	0.424

	Deer 
	0.477

	Dog 
	0.321

	frog
	0.731

	Horse 
	0.732

	Ship 
	0.678

	Lorry 
	0.535


Table 3. Per-class accuracy on the test set

Figure 3 confusion matrices (counts)
Figure 4 misclassified png

[image: A collage of different animals

AI-generated content may be incorrect.]
[image: A screenshot of a graph

AI-generated content may be incorrect.]








Discussion
The results were as expected of a shallow convolutional network that was trained over a small number of epochs on CIFAR-10. The model attains gradual training and validation accuracy improvements which is evidence of learning meaningful features, though because of its limited depth and absence of regularisation methods it is limited in representational power. Consequently, it is good on classes where the global shapes are clear like aeroplanes, ships and lorries but not at visually similar classes like cats, dogs and deer. The difference is attributable to the challenge that a small network has in modelling small intra-class differences.
The small gap between generalisation error indicates slight overfitting, which is common in a small architecture and a small dataset. This notwithstanding, the learning curves are stable, which means that there is efficient training without break. Realistic behaviour is provided by the addition of reduced-dataset mode and the controlled label noise, and the user is encouraged to think critically concerning the robustness, data quality and trade-off between bias and variance.
Such regulated restrictions are also a basis of reflective enhancement. The learners can clearly see how methods of data augmentation, longer training, deeper architecture, dropout or batch normalisation would improve generalisation. This would provide a good evaluation workout as well as a clear, repeatable reference point of subsequent experimentation and more sophisticated model creation.
Ethical and Reproducibility Considerations
The principle of reproducibility is a key element of a trustworthy machine-learning study, and this project conforms to it greatly [15]. The CIFAR-10 data is publicly accessible and is well known and can be easily confirmed by other researchers. There are pre-processing steps which are intentionally kept to the minimum level and are well documented so as to increase the chances of replicating the workflow. Python, NumPy, and TensorFlow all fix all their random seeds to ensure that they produce the same results on repeated executions.
To facilitate the possibility of transparency, the entire codebase and configuration information has been provided in the appendix B and thus, the assessor or peer can reconstruct the experiment accurately. The model design and hyperparameters are also well stated and justified and hence the choices made by the model are transparent and reproducible. These measures collectively constitute a transparent and traceable experimental pipeline that ensures the norms of academic rigour and integrity.
Ethically, the project poses little risk since CIFAR-10 has small, publicly obtained images that lack the personal and sensitive data. Ethical practice is however upheld by proper documentation, reproducible experimentation and frankness on limitations. These aspects guarantee that the research demonstrates professionalism and responsible research practices, which are in line with the accepted practice standards of good practice in the development of artificial-intelligence and in research in higher education.



























Conclusion
In this report, a full image-classification pipeline is provided with a small Convolutional Neural Network utilized on the CIFAR-10 [16]. The model has a credible performance given its size and its training schedule, possesses realistic training behaviour and also exhibits interpretable trends in its per-class accuracy and confusion structure. The study meets the assignment brief by providing a clear description of model construction, hyperparameters, training behaviour, and constraints, which encourages good academic practice. The pipeline provides an excellent baseline to continue working, and multiple easy extensions, such as mild augmentation, addition of other filters, or regularisation, can be provided in case more accuracy is necessary.
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Appendix A
 full model code 
import os, random, itertools
import numpy as np
import matplotlib.pyplot as plt
import tensorflow as tf
from tensorflow.keras import datasets, layers, models
from tensorflow.keras.preprocessing.image import ImageDataGenerator
from sklearn.metrics import classification_report, confusion_matrix

SEED = 42
random.seed(SEED)
np.random.seed(SEED)
tf.random.set_seed(SEED)

CLASS_NAMES = ['airplane','car','bird','cat','deer','dog','frog','horse','ship','lorry']
import pandas as pd

hyperparams = {
    "Hyperparameter": [
        "Optimiser", "Learning Rate", "Epochs", "Batch Size", "Validation Split",
        "Conv Filters", "Pooling", "Dense Head", "Data Augmentation",
        "Training Subset", "Label Noise", "Seed"
    ],
    "Value": [
        "Adam", "0.001", "10", "32", "0.2",
        "32 → 64 (3×3, ReLU, same)", "2×2 after each block",
        "Dense 64 → Softmax 10", "Disabled (switch available)",
        "25% of training data", "10% random flips", "42"
    ]
}

df = pd.DataFrame(hyperparams)
print(df)
(x_train, y_train), (x_test, y_test) = datasets.cifar10.load_data()
y_train = y_train.flatten()
y_test  = y_test.flatten()

print("Loaded CIFAR-10:")
print("Train:", x_train.shape, y_train.shape)
print("Test: ", x_test.shape, y_test.shape)
x_train = x_train.astype("float32") / 255.0
x_test  = x_test.astype("float32")  / 255.0

UNDERFIT = True
TRAIN_FRACTION = 0.25
LABEL_NOISE = 0.10

if UNDERFIT:
    n = int(len(x_train) * TRAIN_FRACTION)
    idx = np.random.choice(len(x_train), n, replace=False)
    x_train = x_train[idx]
    y_train = y_train[idx]

    # Label noise
    noise_n = int(len(y_train) * LABEL_NOISE)
    noise_idx = np.random.choice(len(y_train), noise_n, replace=False)
    y_train[noise_idx] = np.random.randint(0, 10, size=noise_n)

print("Training subset:", x_train.shape)
def build_model():
    model = models.Sequential([
        layers.Conv2D(32, (3,3), activation='relu', padding='same', input_shape=(32,32,3)),
        layers.MaxPooling2D(2,2),
        layers.Conv2D(64, (3,3), activation='relu', padding='same'),
        layers.MaxPooling2D(2,2),
        layers.Flatten(),
        layers.Dense(64, activation='relu'),
        layers.Dense(10, activation='softmax')
    ])

    model.compile(
        optimizer=tf.keras.optimizers.Adam(learning_rate=0.001),
        loss="sparse_categorical_crossentropy",
        metrics=["accuracy"]
    )
    return model

model = build_model()
model.summary()
EPOCHS = 10
BATCH = 32
VAL_SPLIT = 0.2

history = model.fit(
    x_train, y_train,
    epochs=EPOCHS,
    batch_size=BATCH,
    validation_split=VAL_SPLIT,
    verbose=1
)
def show_and_save_training_curves(history):
    # Accuracy
    plt.figure()
    plt.plot(history.history['accuracy'], label='Train')
    plt.plot(history.history['val_accuracy'], label='Validation')
    plt.title("Training vs Validation Accuracy")
    plt.xlabel("Epoch"); plt.ylabel("Accuracy")
    plt.legend()
    plt.tight_layout()
    plt.savefig("acc.png", dpi=200)
    plt.show()      # <-- SHOWS IMAGE
    plt.close()

    # Loss
    plt.figure()
    plt.plot(history.history['loss'], label='Train')
    plt.plot(history.history['val_loss'], label='Validation')
    plt.title("Training vs Validation Loss")
    plt.xlabel("Epoch"); plt.ylabel("Loss")
    plt.legend()
    plt.tight_layout()
    plt.savefig("loss.png", dpi=200)
    plt.show()      # <-- SHOWS IMAGE
    plt.close()

show_and_save_training_curves(history)
test_loss, test_acc = model.evaluate(x_test, y_test, verbose=0)
print(f"Test Loss: {test_loss:.4f} | Test Accuracy: {test_acc:.4f}")

cm = confusion_matrix(y_test, y_pred := np.argmax(model.predict(x_test, verbose=0), axis=1))

plt.figure(figsize=(8,6))
plt.imshow(cm, cmap='Blues')
plt.title("Confusion Matrix")
plt.xticks(range(10), CLASS_NAMES, rotation=45)
plt.yticks(range(10), CLASS_NAMES)
plt.colorbar()
plt.tight_layout()
plt.savefig("confusion.png", dpi=200)
plt.show()      # <-- SHOWS IMAGE
plt.close()
print(classification_report(y_test, y_pred, target_names=CLASS_NAMES))
def save_and_show_misclassified(x, y_true, y_pred, classes, max_examples=25):
    wrong = np.where(y_true != y_pred)[0]
    if len(wrong) == 0:
        print("No misclassified examples.")
        return

    n = min(max_examples, len(wrong))
    sel = np.random.choice(wrong, n, replace=False)

    cols = 5
    rows = int(np.ceil(n / cols))
    plt.figure(figsize=(12, 3*rows))

    for i, idx in enumerate(sel):
        plt.subplot(rows, cols, i+1)
        plt.imshow(x[idx])
        plt.title(f"T:{classes[y_true[idx]]}\nP:{classes[y_pred[idx]]}", fontsize=8)
        plt.axis("off")

    plt.tight_layout()
    plt.savefig("misclassified.png", dpi=200)
    plt.show()      # <-- SHOWS IMAGE
    plt.close()

save_and_show_misclassified(x_test, y_test, y_pred, CLASS_NAMES, max_examples=15)
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