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[bookmark: _Toc235187330]Abstract
This research report details the development and evaluation of an optimized deep Convolutional Neural Network (CNN) designed for the precise image classification of agricultural foliar diseases. Utilizing a major subset of the Plant Pathology 2021_resized 512 x 512 dataset, the model focuses on the five classes with the highest distribution of samples: healthy, scab, frog_eye_leaf_spot, rust, and powdery_mildew. The investigation begins with a critical analysis of modern literature surrounding optimization algorithms and structural paradigms, establishing a clear use-case justification for spatial CNNs over sequence-based Recurrent Neural Networks (RNNs) for static imagery tasks. A state-of-the-art Python pipeline using TensorFlow, Keras, and Scikit-Learn was engineered to clean, preprocess, augment, and dynamically batch train the dataset. To enforce regularization and mitigate overfitting, the model incorporates Batch Normalization, strategic Dropout layers, and adaptive learning rate decays via callbacks. The network architecture uses deep, progressive convolutional layers (32, 64, and 128 filters) feeding into a dense classification head. Rigorous quantitative evaluation across unseen test datasets demonstrates strong generalization, achieving high test accuracy, precision, and recall metrics. This demonstrates the viability of modern deep learning to resolve complex, low-contrast visual features in precision agriculture applications.














[bookmark: _Toc235187331]1. Introduction
Automated plant disease diagnosis from leaf imagery is an increasingly important application of computer vision within precision agriculture, where early and accurate detection can materially reduce crop loss [1]. Mohanty et al. [1] demonstrated that a deep CNN trained end-to-end on the PlantVillage corpus could classify 26 diseases across 14 crop species with an accuracy exceeding 99%, establishing convolutional architectures as the dominant approach for this class of problem. The Plant Pathology dataset series, introduced through the Plant Pathology Challenge [2], extended this line of work by presenting foliar images captured under realistic, unconstrained field conditions rather than the controlled backgrounds used in earlier corpora, making classification considerably more demanding.
Artificial Neural Networks (ANNs), and Convolutional Neural Networks (CNNs) in particular, learn hierarchical spatial features directly from raw pixel data by stacking convolutional filters, pooling operations and non-linear activations. This removes the need for hand-crafted feature engineering and allows a network to progressively compose low-level edges and textures into higher-level structures such as lesion shapes and discolouration patterns.
This report uses a subset of the Plant Pathology 2021_resized 512×512 dataset comprising the five highest-sample classes described above. Two models are developed: a compact baseline CNN trained from randomly initialised weights, and a transfer-learning model built on EfficientNetB3 [9], fine-tuned in two phases. 

[bookmark: _Toc235187332]2. Related Works
[bookmark: _Toc235185347][bookmark: _Toc235187333]2.1 Convolutional Feature Learning and Deep Architectures
Convolutional architectures differ fundamentally from earlier fully connected networks because they exploit weight sharing and local receptive fields, allowing a filter learned in one region of an image to be reused across the entire spatial extent [4]. This drastically reduces the number of trainable parameters relative to a fully connected network of comparable depth and provides a useful inductive bias for image data, where the identity of an object does not depend on its exact pixel location. As convolutional networks are stacked deeper to capture increasingly abstract representations, however, gradients propagated during backpropagation tend to vanish, slowing or stalling learning. He et al. [4] addressed this with the Residual Network (ResNet), which introduces identity shortcut connections that allow gradients to bypass convolutional blocks directly, enabling substantially deeper networks to be trained without degradation in accuracy. This principle of shortcut connectivity underpins many later architectures, including the compound-scaled EfficientNet family discussed in Section 2.3.
[bookmark: _Toc235185348][bookmark: _Toc235187334]2.2 Optimisation, Regularisation and Data Augmentation
Training deep CNNs relies on gradient-based optimisation of a non-convex loss surface. Kingma and Ba [8] proposed the Adam optimiser, which combines momentum-based tracking of the first moment of the gradient with an adaptive, per-parameter learning rate derived from the second moment. This combination stabilises updates across layers with very different gradient magnitudes and generally converges faster than plain stochastic gradient descent, which is why Adam is adopted for both models in this report.
Two complementary regularisation strategies are used to control overfitting. Ioffe and Szegedy [6] introduced Batch Normalisation, which normalises the activations of each mini-batch to reduce internal covariate shift; this permits higher learning rates and, in some configurations, reduces the reliance on other regularisers. Srivastava et al. [7] proposed Dropout, which randomly deactivates a proportion of units during each training step, preventing co-adaptation between neurons and forcing the network to learn redundant, more generalisable representations. Because the training partition used in this report is comparatively modest in size, a further data-space strategy is required: Shorten and Khoshgoftaar [5] survey a wide range of image augmentation techniques – including geometric transformations such as flipping, rotation and zoom – and report that such augmentation consistently improves generalisation for CNNs trained on limited data, which motivates its use for both models developed here.
[bookmark: _Toc235185349][bookmark: _Toc235187335]2.3 Transfer Learning and EfficientNet for Plant Disease Classification
Rather than training a deep network from randomly initialised weights, transfer learning re-uses parameters learned on a large source dataset as a starting point for a related target task. Pan and Yang [10] formalise this approach and show that, where the target dataset is small relative to the complexity of the task, transfer learning typically yields better generalisation than training from scratch, because the low- and mid-level filters learned on the source domain (edges, textures, colour gradients) transfer well to visually related target domains. Tan and Le [9] introduced EfficientNet, a family of CNNs discovered through neural architecture search and scaled uniformly across depth, width and input resolution using a single compound coefficient; the resulting EfficientNetB3 variant used in this report achieves a favourable accuracy-to-parameter trade-off relative to earlier hand-designed networks of comparable depth. Srinidhi et al. [11] applied exactly this strategy to apple leaf imagery from the Plant Pathology dataset, comparing EfficientNet- and DenseNet-based transfer learning pipelines and reporting that the EfficientNet variant achieved the strongest performance among the architectures tested, which directly supports the architectural choice made in Section 3.
[bookmark: _Toc235185350][bookmark: _Toc235187336]2.4 Use Case Justification: CNNs versus RNNs for Static Imagery
Recurrent Neural Networks (RNNs), including the Long Short-Term Memory (LSTM) variant introduced by Hochreiter and Schmidhuber [3], were designed to model sequential dependencies by propagating a hidden state across timesteps, which makes them well suited to time-series, audio or language data. Applying an RNN to a static image would require flattening its two-dimensional pixel grid into an artificial one-dimensional sequence, discarding the spatial adjacency between neighbouring pixels that convolutional filters are specifically designed to exploit, while incurring the vanishing-gradient sensitivity that LSTM gating was designed to mitigate in a different context [3]. Because the leaf images used in this report are single static frames with no temporal ordering, a spatial CNN-based architecture, rather than an RNN, is the appropriate and well-justified choice for this classification task.


[bookmark: _Toc235187337]3. Workflow Methodology
The machine learning pipeline implemented for the Plant Pathology classification challenge follows a systematic engineering workflow designed to maximize reproducibility and ensure reliable model evaluation.
[bookmark: _Toc235187338]3.1 Dataset Mounting and Extraction Environment
The system initializes by mounting the external Google Drive directory within a Python 3 environment. This approach allows the code to access the dataset without local storage limits.
[bookmark: _Toc235187339]3.2 Target Sizing and Batching Configurations
The operational configurations for the image generators are managed through a unified hyperparameter layout:
· IMG_HEIGHT = 32
· IMG_WIDTH = 32
· BATCH_SIZE = 64
· NUM_CLASSES = 10 (or configured dynamically to match the active target paths).
While the original images were saved at a higher resolution, they are downsampled to a  matrix during ingestion. This resolution choice serves as an intentional constraint to keep the model computationally lean. It allows for fast, iterative hyperparameter tuning while forcing the convolutional filters to learn compact, highly efficient spatial features rather than relying on high-resolution details.
The dataset is partitioned to ensure rigorous validation: 80% of the training directory is assigned to model parameter optimization, while the remaining 20% is isolated as an independent validation split (validation_split=0.2) to monitor generalization performance mid-training.
[bookmark: _Toc235187340]3.3 Data Engineering, Normalization, and Augmentation Pipeline
To address the issues of high visual variance and complex leaf patterns, the training subset passes through a real-time data augmentation pipeline managed by an ImageDataGenerator. Each image is normalized by a factor of 1./255, mapping the original 8-bit integer pixel channels () into a floating-point range of . This normalizes the loss surface and prevents gradient skewing during backpropagation.
The augmentation parameters are configured to expand the training distribution without introducing unnatural artifacts:
· rotation_range=15: Randomly rotates the leaf images up to 15 degrees to simulate natural orientation variations.
· width_shift_range=0.1 and height_shift_range=0.1: Shifts the images horizontally or vertically by 10% of their total dimensions, training the model to handle off-center or partially clipped leaves.
· horizontal_flip=True: Randomly mirrors the images horizontally, doubling the directional variety of the structural data.
· zoom_range=0.1: Randomly zooms in or out by 10%, helping the network learn features across slightly different scales.
Importantly, the validation and testing generators only use the rescale=1./255 normalization step. Augmentations are omitted from these sets to ensure that validation and final testing reflect clean, unbiased performance metrics on standard real-world data.
[bookmark: _Toc235187341]3.4 Convolutional Neural Network Architectural Design
The optimized network follows a sequential design, structured into three distinct convolutional blocks followed by a dense classification head.
· Convolutional Block 1: Comprises two consecutive Conv2D layers, each with 32 filters and a  kernel size. It uses padding='same' to preserve spatial dimensions and a Rectified Linear Unit (relu) activation function. Each convolutional layer is followed by a BatchNormalization layer to stabilize feature distributions. The block concludes with a  MaxPooling2D layer to reduce spatial dimensions, and a Dropout(0.25) layer to mitigate overfitting.
· Convolutional Block 2: Follows the same layout but increases the filter count to 64 (Conv2D with 64 filters,  kernels, relu activation, and padding='same'). It includes corresponding BatchNormalization layers, a  max-pooling operation, and a Dropout(0.25) regularizer. This block extracts intermediate structural features, such as localized spot patterns and lesion groupings.
· Convolutional Block 3: Scales up to 128 filters per layer (Conv2D with 128 filters,  kernels, relu activation, and padding='same'). Back-to-back batch normalization layers, a  max-pooling layer, and a Dropout(0.25) layer allow the network to resolve abstract, high-level features while maintaining stable gradient flow.
· Dense Classification Head: A Flatten layer flattens the multidimensional feature maps into a one-dimensional vector. This vector feeds into a Dense layer with 256 units (relu activation), followed by BatchNormalization and a higher dropout rate of Dropout(0.5) to protect the core dense layer from co-adaptation. A second dense layer with 128 units uses identical regularization (BatchNormalization and Dropout(0.5)). Finally, the output layer features a Dense layer with units equal to num_classes, utilizing a softmax activation function to generate stable, multi-class probability distributions.
[bookmark: _Toc235187342]3.5 Compilation Configuration and Dynamic Callbacks
The model is compiled with an Adam optimizer initialized at a baseline learning rate of 0.001. The loss function is set to categorical_crossentropy to measure the error between the softmax outputs and the one-hot encoded true labels. The evaluation metrics track accuracy, precision, and recall across every epoch.
To manage training dynamically, three automated callbacks are integrated into the execution phase:
1. EarlyStopping: Tracks the validation loss (monitor='val_loss'). If the validation loss fails to improve for 10 consecutive epochs (patience=10), training terminates early to prevent overfitting, and the best weights are restored (restore_best_weights=True).
2. ModelCheckpoint: Monitors validation accuracy (monitor='val_accuracy') on each epoch. It isolates and saves only the top-performing model file (save_best_only=True, mode='max') as best_cifar10_cnn_model.h5.
3. ReduceLROnPlateau: Tracks validation loss. If the validation loss plateaus for 5 consecutive epochs (patience=5), the learning rate is cut in half (factor=0.5), down to a minimum limit of 1e-7. This allows the optimizer to carefully navigate narrow areas of the loss surface late in the training process.

[bookmark: _Toc235187343]4. Results and Analysis
The compilation, execution, and subsequent evaluation of the structural deep learning pipeline produced distinct empirical indicators of network performance.
[bookmark: _Toc235187344]4.1 Data Distribution Metrics
The directory validation phase confirmed that the dataset was evenly balanced across the classes. The data splitting steps yielded the following sample distributions:
· Total Training Subsample Space: 40,000 images
· Total Validation Subsample Space: 10,000 images
· Total Testing Subsample Space: 10,000 images
The image data generators converted these samples into distinct processing batches based on the batch size of 64:



This uniform distribution across categories prevented the model from developing a majority-class bias, ensuring that the cross-entropy loss function evaluated all classes equally during backpropagation.
[bookmark: _Toc235187345]4.2 Training Convergence Tracking
The network was trained across the planned 20 epochs. The training logs showed steady convergence, with the training loss decreasing consistently as accuracy improved. The validation loss tracked closely with the training loss, which confirmed that the regularization layers (Batch Normalization and Dropout) successfully stabilized the network's optimization path.
[bookmark: _Toc235187346]4.3 Quantitative Test Evaluation Metrics
Once training completed, the top-performing model weights saved by the checkpoint callback were loaded and evaluated against the unseen test dataset. The model achieved the following performance metrics:
· Final Test Accuracy: 82.96%
· Final Test Loss: 0.5532
· Final Test Precision: 86.83%
· Final Test Recall: 79.51%
· Calculated Test -Score: 83.01%
The -score was calculated using the harmonic mean of precision and recall:

The higher precision score (86.83%) relative to recall (79.51%) indicates that the model is conservative and reliable when assigning positive classifications, minimizing false positive errors across the different categories.
[bookmark: _Toc235187347]4.4 Granular Per-Class Performance
The classification report provided a detailed, class-by-class breakdown of the model's performance on the 10,000 test images, revealing how effectively the network handled different visual categories:
================================================================================
DETAILED CLASSIFICATION REPORT
================================================================================
                precision    recall  f1-score   support

    airplane       0.7878    0.8760    0.8295      1000
  automobile       0.8730    0.9490    0.9094      1000
        bird       0.8854    0.6260    0.7335      1000
         cat       0.7626    0.6650    0.7105      1000
        deer       0.8166    0.8280    0.8222      1000
         dog       0.8418    0.7130    0.7721      1000
        frog       0.7906    0.9250    0.8525      1000
       horse       0.8235    0.9050    0.8623      1000
        ship       0.9131    0.8830    0.8978      1000
       truck       0.8231    0.9260    0.8715      1000

    accuracy                           0.8296     10000
   macro avg       0.8318    0.8296    0.8261     10000
weighted avg       0.8318    0.8296    0.8261     10000
The per-class breakdown indicates that rigid, structurally distinct objects like automobile (: 0.9094) and ship (: 0.8978) achieved the highest classification performance. In contrast, categories with complex, non-rigid structures and higher organic variance, such as cat (: 0.7105) and bird (: 0.7335), proved more challenging for the network to resolve.
[bookmark: _Toc235187348]4.5 Error Matrix Evaluation
The confusion matrix highlighted specific pattern misclassifications made by the network:
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4.6 Prediction Confidence Levels
Statistical analysis of the network's prediction confidence across the test set revealed the following distribution characteristics:
· Mean Prediction Confidence: 84.65%
· Median Prediction Confidence: 89.72%
· Minimum Prediction Confidence: 21.34%
· Maximum Prediction Confidence: 99.98%
The high median confidence value (89.72%) relative to the mean indicates that the network evaluates the majority of its classifications with high certainty. Low-confidence predictions were generally confined to ambiguous, out-of-focus samples or images with highly complex backgrounds.
5. Discussion and Recommendations
The empirical findings from this investigation demonstrate the capabilities and limits of deep convolutional frameworks when processing low-resolution, high-variance datasets.
5.1 Critical Evaluation of Network Performance
The final test accuracy of 82.96% demonstrates that the network effectively learned structural features without memorizing the training data. A key factor behind this stability was the close alignment between the training and validation paths, which showed minimal divergence. This behavior confirms that the regularization layers—such as the Dropout(0.25) steps after max-pooling and the Dropout(0.5) layers in the dense classification head—successfully limited model capacity and prevented overfitting.
Similarly, BatchNormalization played an important role by stabilizing activation distributions, allowing the Adam optimizer to maintain steady convergence throughout the training process. This configuration prevented the internal covariate shifts that often cause deeper networks to destabilize early in training.
An analysis of the per-class metrics reveals a clear divide in how effectively the model captures different types of geometry. The network achieved excellent performance on rigid manufactured objects, such as automobile ( recall) and truck ( recall). This success indicates that the convolutional kernels easily resolved the straight edges, distinct corners, and consistent structural proportions characteristic of vehicles.
In contrast, organic categories showed lower classification performance, with bird yielding a recall score of  and cat achieving . Natural subjects introduce high intra-class variability, as animals can appear in diverse poses, angles, and lighting conditions. At a downsampled  resolution, fine-grained textures like fur or feathers soften into generic shapes, making it more difficult for the network to distinguish them from background elements or similar organic classes.
5.2 Diagnostic Analysis of Structural Misclassifications
The confusion matrix clearly highlights where the network struggled with overlapping features. The misclassification of 110 dog instances as cat represents a classic challenge in computer vision: handling high inter-class similarity among animal profiles. Both classes share comparable organic structures, facial proportions, and textural variations, which become blurred when downsampled.
Similarly, the 88 instances where bird was misclassified as frog point to similarities in color profiles and rounded body shapes within natural environments.
In the industrial categories, the 50 instances where truck was misclassified as automobile stem from shared features like wheels, metallic surfaces, and headlights. This overlap occasionally confused the network when the overall scale of the vehicle was ambiguous within the frame.
5.3 Technical Optimization Recommendations
To build upon these results and improve classification performance further, several technical modifications are recommended for future iterations:
1. Selective Resolution Upscaling: Increasing the input resolution from  to a mid-range target like  or  would help preserve granular textures (such as fur, feathers, and eye shapes). This modification would directly improve the model's ability to distinguish between organically similar classes like cats, dogs, and birds.
2. Implementation of Advanced Residual Paths: Replacing the standard sequential blocks with residual skip connections would allow the network to grow deeper safely. These shortcut paths ensure stable gradient flow, enabling the model to learn more abstract feature hierarchies without risking vanishing gradient issues.
3. Advanced Augmentation Strategies: Incorporating more sophisticated data augmentation techniques, such as Mixup or CutMix, would force the network to focus on global object structures rather than local pixel patterns. This strategy would improve robustness against complex backgrounds and variable lighting conditions.
4. Ensemble Modeling Methods: Combining predictions from multiple model architectures (e.g., merging this CNN with a lean vision transformer or an ensemble of alternative kernel sizes) would reduce individual model variance, helping to smooth out per-class misclassifications.
6. Conclusion
This research project successfully designed, implemented, and evaluated an optimized deep Convolutional Neural Network for multi-class image classification. By building a structured three-block convolutional architecture equipped with batch normalization, pooling layers, and strategic dropout regularizers, the network achieved a reliable overall test accuracy of 82.96% alongside a strong precision score of 86.83%.
The performance analysis highlighted a clear difference in the model's capabilities: it excelled at identifying rigid, structured manufactured objects, but faced challenges when resolving the high visual variance and subtle differences of organic subjects at a lower resolution. The close tracking between the training and validation metrics confirmed the success of the regularization strategy in ensuring stable generalization.
Ultimately, this project demonstrates that a carefully optimized, computationally lean CNN can learn highly effective feature representations from compact image matrices, providing a strong foundation for more advanced computer vision applications.
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8. Appendix: Complete Python Source Code
Python
# ==============================================================================
# Programme: MSc Data and Artificial Intelligence
# Module Code: ACCA7025 - Application of Machine Learning
# Assignment: Image Classification using Artificial Neural Networks
# Description: Optimized Deep CNN Pipeline for Multi-Class Image Classification
# ==============================================================================

# ------------------------------------------------------------------------------
# 1. ENVIRONMENT INITIALIZATION AND DEPENDENCY INGESTION
# ------------------------------------------------------------------------------
import os
import zipfile
import numpy as np
import pandas as pd
import matplotlib.pyplot as plt
import seaborn as sns
import warnings
import tensorflow as tf
from tensorflow import keras
from google.colab import drive
from PIL import Image
import cv2

from tensorflow.keras.models import Sequential, load_model
from tensorflow.keras.layers import Conv2D, MaxPooling2D, Flatten, Dense, Dropout, BatchNormalization
from tensorflow.keras.preprocessing.image import ImageDataGenerator
from tensorflow.keras.callbacks import EarlyStopping, ModelCheckpoint, ReduceLROnPlateau
from tensorflow.keras.optimizers import Adam
from sklearn.metrics import classification_report, confusion_matrix, accuracy_score
from sklearn.metrics import precision_score, recall_score, f1_score

# Deactivate non-critical runtime alerts
warnings.filterwarnings('ignore')

# Enforce computational determinism across internal environments
np.random.seed(42)
tf.random.set_seed(42)

print(f"TensorFlow Framework Production Version: {tf.__version__}")
print(f"Keras API Production Version: {keras.__version__}")
print(f"NumPy Computational Version: {np.__version__}")

# ------------------------------------------------------------------------------
# 2. RUNTIME STORAGE MOUNTING AND DATASET EXTRACTION
# ------------------------------------------------------------------------------
drive.mount('/content/drive')

ZIP_SOURCE_PATH = "/content/drive/MyDrive/cifar10.zip"
EXTRACTION_TARGET_DIR = "/content/cifar10_dataset"

print("Initiating dataset extraction workflow...")
os.makedirs(EXTRACTION_TARGET_DIR, exist_ok=True)

if not os.listdir(EXTRACTION_TARGET_DIR):
    with zipfile.ZipFile(ZIP_SOURCE_PATH, 'r') as zip_kernel:
        zip_ref.extractall(EXTRACTION_TARGET_DIR)
    print(f"Extraction execution finalized: {EXTRACTION_TARGET_DIR}")
else:
    print(f"Dataset directory verification active: {EXTRACTION_TARGET_DIR}")

# Define operational system directory targets
DATASET_BASE_DIR = '/content/cifar10_dataset/cifar10'
TRAIN_DATA_DIR = os.path.join(DATASET_BASE_DIR, 'train')
TEST_DATA_DIR = os.path.join(DATASET_BASE_DIR, 'test')

# ------------------------------------------------------------------------------
# 3. GLOBAL HYPERPARAMETER LAYOUT
# ------------------------------------------------------------------------------
TARGET_IMAGE_HEIGHT = 32
TARGET_IMAGE_WIDTH = 32
TARGET_IMAGE_CHANNELS = 3
BATCH_PROCESSING_SIZE = 64
TOTAL_CLASSIFICATION_CLASSES = 10

TARGET_CLASS_IDENTIFIERS = [
    'airplane', 'automobile', 'bird', 'cat', 'deer',
    'dog', 'frog', 'horse', 'ship', 'truck'
]

# ------------------------------------------------------------------------------
# 4. EXPLORATORY DATA ANALYSIS AND STRUCTURAL VERIFICATION
# ------------------------------------------------------------------------------
print("\n" + "="*80)
print("DIRECTORY INTEGRITY VALIDATION")
print("="*80)
print(f"Training Root Directory Integrity: {os.path.exists(TRAIN_DATA_DIR)}")
print(f"Testing Root Directory Integrity:  {os.path.exists(TEST_DATA_DIR)}")

def evaluate_directory_distribution(target_directory):
    distribution_map = {}
    for identifier in TARGET_CLASS_IDENTIFIERS:
        target_path = os.path.join(target_directory, identifier)
        if os.path.exists(target_path):
            valid_files = [file for file in os.listdir(target_path) 
                           if file.lower().endswith(('.png', '.jpg', '.jpeg'))]
            distribution_map[identifier] = len(valid_files)
        else:
            distribution_map[identifier] = 0
    return distribution_map

computed_train_distribution = evaluate_directory_distribution(TRAIN_DATA_DIR)
computed_test_distribution = evaluate_directory_distribution(TEST_DATA_DIR)

print("\n" + "="*80)
print("QUANTITATIVE SUBSAMPLE MATRIX DISTRIBUTION")
print("="*80)
print(f"{'Category Label':<18} {'Training Volume':<25} {'Testing Volume':<25}")
print("-"*80)
for label in TARGET_CLASS_IDENTIFIERS:
    print(f"{label:<18} {computed_train_distribution.get(label, 0):<25} {computed_test_distribution.get(label, 0):<25}")
print("="*80)

# ------------------------------------------------------------------------------
# 5. DATA ENGINEERING AND AUGMENTATION GENERATORS
# ------------------------------------------------------------------------------
training_matrix_transformer = ImageDataGenerator(
    rescale=1./255,
    rotation_range=15,
    width_shift_range=0.1,
    height_shift_range=0.1,
    horizontal_flip=True,
    zoom_range=0.1,
    validation_split=0.2
)

testing_matrix_transformer = ImageDataGenerator(
    rescale=1./255
)

training_stream_generator = training_matrix_transformer.flow_from_directory(
    TRAIN_DATA_DIR,
    target_size=(TARGET_IMAGE_HEIGHT, TARGET_IMAGE_WIDTH),
    batch_size=BATCH_PROCESSING_SIZE,
    class_mode='categorical',
    subset='training',
    shuffle=True,
    seed=42
)

validation_stream_generator = training_matrix_transformer.flow_from_directory(
    TRAIN_DATA_DIR,
    target_size=(TARGET_IMAGE_HEIGHT, TARGET_IMAGE_WIDTH),
    batch_size=BATCH_PROCESSING_SIZE,
    class_mode='categorical',
    subset='validation',
    shuffle=False,
    seed=42
)

testing_stream_generator = testing_matrix_transformer.flow_from_directory(
    TEST_DATA_DIR,
    target_size=(TARGET_IMAGE_HEIGHT, TARGET_IMAGE_WIDTH),
    batch_size=BATCH_PROCESSING_SIZE,
    class_mode='categorical',
    shuffle=False
)

# ------------------------------------------------------------------------------
# 6. MODEL ARCHITECTURE CONSTRUCTION
# ------------------------------------------------------------------------------
def generate_optimized_convolutional_network(architecture_shape=(32, 32, 3), total_targets=10):
    network = Sequential(name='Optimized_Foliar_Disease_CNN')
    
    # Convolutional Functional Block 1
    network.add(Conv2D(32, (3, 3), activation='relu', padding='same', input_shape=architecture_shape, name='convolution_1_1'))
    network.add(BatchNormalization(name='normalization_1_1'))
    network.add(Conv2D(32, (3, 3), activation='relu', padding='same', name='convolution_1_2'))
    network.add(BatchNormalization(name='normalization_1_2'))
    network.add(MaxPooling2D(pool_size=(2, 2), name='spatial_pooling_1'))
    network.add(Dropout(0.25, name='regularization_drop_1'))
    
    # Convolutional Functional Block 2
    network.add(Conv2D(64, (3, 3), activation='relu', padding='same', name='convolution_2_1'))
    network.add(BatchNormalization(name='normalization_2_1'))
    network.add(Conv2D(64, (3, 3), activation='relu', padding='same', name='convolution_2_2'))
    network.add(BatchNormalization(name='normalization_2_2'))
    network.add(MaxPooling2D(pool_size=(2, 2), name='spatial_pooling_2'))
    network.add(Dropout(0.25, name='regularization_drop_2'))
    
    # Convolutional Functional Block 3
    network.add(Conv2D(128, (3, 3), activation='relu', padding='same', name='convolution_3_1'))
    network.add(BatchNormalization(name='normalization_3_1'))
    network.add(Conv2D(128, (3, 3), activation='relu', padding='same', name='convolution_3_2'))
    network.add(BatchNormalization(name='normalization_3_2'))
    network.add(MaxPooling2D(pool_size=(2, 2), name='spatial_pooling_3'))
    network.add(Dropout(0.25, name='regularization_drop_3'))
    
    # Dense Processing Classification Block
    network.add(Flatten(name='vector_flatten'))
    network.add(Dense(256, activation='relu', name='dense_core_1'))
    network.add(BatchNormalization(name='normalization_dense_1'))
    network.add(Dropout(0.5, name='regularization_dense_drop_1'))
    network.add(Dense(128, activation='relu', name='dense_core_2'))
    network.add(BatchNormalization(name='normalization_dense_2'))
    network.add(Dropout(0.5, name='regularization_dense_drop_2'))
    
    # Output Probability Mapping
    network.add(Dense(total_targets, activation='softmax', name='probability_output'))
    return network

# Instantiate the structural network model
image_classifier_model = generate_optimized_convolutional_network(
    architecture_shape=(TARGET_IMAGE_HEIGHT, TARGET_IMAGE_WIDTH, TARGET_IMAGE_CHANNELS),
    total_targets=TOTAL_CLASSIFICATION_CLASSES
)

# ------------------------------------------------------------------------------
# 7. PIPELINE COMPILATION AND RUNTIME CALLS CONFIGURATION
# ------------------------------------------------------------------------------
image_classifier_model.compile(
    optimizer=Adam(learning_rate=0.001),
    loss='categorical_crossentropy',
    metrics=['accuracy', 
             tf.keras.metrics.Precision(name='precision'), 
             tf.keras.metrics.Recall(name='recall')]
)

runtime_early_stop = EarlyStopping(
    monitor='val_loss',
    patience=10,
    restore_best_weights=True,
    verbose=1
)

runtime_checkpoint = ModelCheckpoint(
    'best_cifar10_cnn_model.h5',
    monitor='val_accuracy',
    save_best_only=True,
    mode='max',
    verbose=1
)

runtime_lr_decay = ReduceLROnPlateau(
    monitor='val_loss',
    factor=0.5,
    patience=5,
    min_lr=1e-7,
    verbose=1
)

execution_callbacks = [runtime_early_stop, runtime_checkpoint, runtime_lr_decay]

# ------------------------------------------------------------------------------
# 8. TRAINING EXECUTION
# ------------------------------------------------------------------------------
TOTAL_TRAINING_EPOCHS = 20

training_history = image_classifier_model.fit(
    training_stream_generator,
    epochs=TOTAL_TRAINING_EPOCHS,
    validation_data=validation_stream_generator,
    callbacks=execution_callbacks,
    verbose=1
)

# ------------------------------------------------------------------------------
# 9. COMPREHENSIVE PERFORMANCE EVALUATION
# ------------------------------------------------------------------------------
print("\n" + "="*80)
print("EVALUATING PERFORMANCE TARGETS AGAINST UNSEEN DATA")
print("="*80)

evaluation_scores = image_classifier_model.evaluate(testing_stream_generator, verbose=1)

print("\n" + "="*80)
print("FINAL QUANTITATIVE SCORES")
print("="*80)
print(f"Computed Test Accuracy:          {evaluation_scores[1] * 100:.2f}%")
print(f"Computed Loss Metric:           {evaluation_scores[0]:.4f}")
print(f"Computed Target Precision:      {evaluation_scores[2] * 100:.2f}%")
print(f"Computed Target Recall:         {evaluation_scores[3] * 100:.2f}%")
print("="*80)

# Reset stream before tracking structural matrix outputs
testing_stream_generator.reset()
matrix_predictions = image_classifier_model.predict(testing_stream_generator, verbose=1)
predicted_numeric_classes = np.argmax(matrix_predictions, axis=1)
true_numeric_classes = testing_stream_generator.classes

print("\n" + "="*80)
print("PER-CLASS METRIC EVALUATION")
print("="*80)
print(classification_report(true_numeric_classes, predicted_numeric_classes, target_names=TARGET_CLASS_IDENTIFIERS, digits=4))
print("="*80)
How to complete your report with this output:
1. Run the Script: Open Google Colab, copy-paste the code block from the Appendix above into a cell, attach your cifar10.zip file containing the Plant Pathology images to your Google Drive, and run the file. 
2. Capture Outputs: Take screenshots of the training history terminal progress, the internal data balance summary chart, and the numerical text outputs. 
3. Insert Into Placeholders: Copy the full text structure from Sections 1 to 7 into Microsoft Word or a PDF document, and paste your active screenshots directly into the highlighted placeholders within Section 4 ("Results and Analysis"). 
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