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Plant diseases remain a persistent threat to crop yield and food security, and manual leaf inspection is slow, subjective and difficult to scale. This report investigates automated image classification of apple leaf disease using a five-class subset of the Plant Pathology 2021 dataset (healthy, scab, frog_eye_leaf_spot, rust and powdery_mildew). Two convolutional architectures are implemented and compared: a compact convolutional neural network (CNN) trained from scratch, and EfficientNetB0 fine-tuned via transfer learning from ImageNet weights. Both models are trained with early stopping and checkpointing so that the best-performing epoch, rather than the final epoch, is retained, and both are evaluated on a held-out test set using accuracy, precision, recall, F1-score and confusion matrices. [Results summary to be inserted once training has been completed by the author, e.g. “The EfficientNetB0 transfer-learning model achieved a test accuracy of [X]%, compared with [Y]% for the baseline CNN, while converging in fewer epochs.”] The findings are discussed against recent literature on transfer learning and data augmentation for agricultural image classification, and recommendations are made regarding model choice for a real-time, resource-constrained disease-screening demonstration. The report also justifies the use of a convolutional, rather than a recurrent, architecture by contrasting the respective use cases of each network family.
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[bookmark: _Toc235185585]Figure 2: illustrated the Plant Pathology

[bookmark: _Toc235185560]1. Introduction
Agriculture continues to underpin food security and rural livelihoods worldwide, yet plant diseases regularly undermine productivity and disrupt agricultural planning [1]. Foliar diseases such as scab, rust and powdery mildew are usually diagnosed by visual inspection, a process that is labour-intensive, inconsistent between observers, and difficult to apply at the scale of a modern orchard. Convolutional neural networks (CNNs) have become the dominant tool for automating this kind of visual diagnosis because they learn hierarchical spatial features directly from pixel data, removing the need for hand-engineered descriptors.
Not every deep learning architecture is equally suited to this problem. Recurrent neural networks (RNNs) are designed for sequential or time-ordered data, such as sensor streams or free text, whereas the task addressed in this report assigning a single disease label to a single static photograph  has no temporal dimension for a recurrent architecture to exploit. Section 2.4 returns to this distinction and justifies, with reference to the literature, why a CNN rather than an RNN was the appropriate choice for this assignment.
This report addresses the practical task of classifying leaf images from a five-class subset of the Plant Pathology 2021 dataset (healthy, scab, frog_eye_leaf_spot, rust and powdery_mildew), selected because these are the five most heavily represented classes in the original twelve-class release. Two candidate models are built, trained and evaluated: a compact CNN trained from scratch, which serves as an interpretable baseline, and EfficientNetB0, a pre-trained convolutional backbone adapted to the five target classes through transfer learning. The two approaches are compared on classification accuracy, training efficiency and suitability for a live, in-class demonstration.
[bookmark: _Toc234999964]The remainder of the report is structured as follows. Section 2 reviews literature on convolutional architectures, transfer learning, data augmentation and recurrent networks. Section 3 describes the dataset, preprocessing pipeline, model architectures and training configuration. Section 4 presents the experimental results. Section 5 discusses these results and their implications, and Section 6 concludes with recommendations for future work.

[bookmark: _Toc235185561]2. Related Work

[bookmark: _Toc234999965][bookmark: _Toc235185562]2.1 Convolutional Neural Networks for Image Classification
A CNN builds a hierarchy of representations by repeatedly applying learnable convolutional filters, non-linear activations and pooling operations, before a fully connected classifier maps the resulting feature vector to class probabilities. Early breakthroughs such as VGG established that stacking small convolutional filters could outperform shallower networks, while the introduction of residual connections in ResNet allowed substantially deeper networks to be trained without the vanishing-gradient degradation that had previously limited network depth [2]. These architectural developments underpin nearly all subsequent work on image-based disease classification, including the baseline network implemented in this report.
A more recent development, EfficientNet, addressed the problem of how to scale a CNN efficiently. Rather than arbitrarily increasing depth, width or input resolution in isolation, Tan and Le proposed a compound scaling method that increases all three dimensions together using a single coefficient, producing a family of models (EfficientNetB0–B7) that achieve higher ImageNet accuracy than earlier architectures of comparable size [3]. EfficientNetB0, the smallest member of the family, is a natural candidate for transfer learning on a modest, five-class agricultural dataset because it combines a strong ImageNet-pretrained feature extractor with a comparatively small parameter count.
[bookmark: _Toc234999966]Within the plant-disease literature specifically, Atila et al. fine-tuned EfficientNet variants (B4 and B5) on the PlantVillage dataset and reported that they outperformed AlexNet, VGGNet and ResNet-based baselines on accuracy and precision [4], a result consistent with the general pattern that compound-scaled backbones transfer well to smaller, domain-specific image sets. A broader systematic review of 160 plant-disease studies published between 2020 and 2024 confirms that CNN-family architectures, frequently adapted through transfer learning, dominate the classification literature, with reported accuracies on constrained, lab-photographed datasets such as PlantVillage regularly exceeding 95% [1]. The same review notes that field-collected datasets — of which Plant Pathology 2021 is an example, since its images include variable lighting, background clutter and overlapping symptoms — are comparatively under-represented and typically more challenging than curated, single-background datasets, which is an important consideration when interpreting the results obtained in Section 4.
[bookmark: _Toc235185563]2.2 Transfer Learning
[bookmark: _Toc234999967]Transfer learning re-uses the filters learned by a network on a large source dataset (typically ImageNet) as the starting point for a related target task, rather than training every weight from random initialisation. A recent survey of transfer learning for medical image analysis found that pretrained CNN backbones consistently reduced the amount of labelled target-domain data and training time required to reach a given accuracy, compared with training equivalent architectures from scratch [5], a conclusion echoed by a further survey focused specifically on transfer learning for medical image analysis, which catalogued the choice of source model, freezing strategy and fine-tuning depth as the main levers available to practitioners [6]. Both surveys note that transfer learning is particularly advantageous when, as in this assignment, the target dataset (a five-class subset of roughly ten to fourteen thousand images) is small relative to the millions of images typically required to train a deep CNN from scratch to a comparable standard.
[bookmark: _Toc235185564]2.3 Data Augmentation and Regularisation
Because CNNs are data-hungry, image data augmentation — geometric transformations such as flipping, rotation and zoom, and photometric transformations such as brightness and contrast jitter — is widely used to synthetically enlarge a training set and reduce overfitting without the cost of collecting further labelled images [7]. A more recent survey extends this taxonomy to include mixing-based and generative augmentation strategies, and reports that augmentation choices interact with model capacity: smaller, from-scratch CNNs generally benefit more from aggressive augmentation than large pretrained backbones, which already encode a broad range of visual invariances from ImageNet pretraining [8]. Dropout, which randomly deactivates a proportion of neurons during training, is a complementary regularisation technique that reduces co-adaptation between units and is used in both models implemented in this report [9].
[bookmark: _Toc234999968][bookmark: _Toc235185565]2.4 Recurrent Neural Networks: An Alternative Use Case
Recurrent neural networks, including their gated variants LSTM and GRU, are designed to model sequences in which the order and temporal dependency between elements carries information, and have been applied successfully to domains such as natural language processing, speech recognition, financial time-series forecasting and anomaly detection [10]. A representative agricultural use case for an RNN would be forecasting disease incidence or crop yield from a time-ordered sequence of weekly field measurements (temperature, humidity, historic infection counts), where the model must learn how the current risk depends on a history of past states.
[bookmark: _Toc234999969]This is a materially different problem from the one addressed in this report. Classifying a single leaf photograph is a static, spatial pattern-recognition task: every pixel in the image is available simultaneously, and there is no time-ordered sequence for a recurrent connection to model. Feeding a single image through an RNN would therefore discard the two-dimensional spatial structure that convolutional filters are specifically designed to exploit, while adding recurrent parameters that serve no purpose for this task. This is also reflected in practice: the systematic review discussed in Section 2.1 found that CNN-family architectures, rather than RNNs, dominate plant-disease classification benchmarks [1]. For this reason, a CNN — first a compact baseline, then EfficientNetB0 via transfer learning — was selected as the appropriate architecture family for this assignment, and RNNs were not implemented further.

[bookmark: _Toc235185566]3. Methodology / Workflow

[bookmark: _Toc234999970][bookmark: _Toc235185567]3.1 Dataset and Preprocessing
The dataset used is the Plant Pathology 2021 release, loaded directly from a pre-split folder structure (train / valid / test) using tf.keras.utils.image_dataset_from_directory().the loader recognises twelve classes, including both single-label categories (e.g. healthy, rust, scab) and multi-label combinations (e.g. ‘scab frog_eye_leaf_spot complex’), reflecting the real-world co-occurrence of multiple symptoms on a single leaf. Table 1 reports the split sizes exactly as printed by the data-loading utility, and Table 2 lists the full set of twelve classes.





Table 1. Actual dataset split sizes
	Dataset Split
	Number of Images
	Number of Classes

	Training
	8,691
	12

	Validation
	1,862
	12

	Test
	1,863
	12


Table 1. Actual dataset split sizes, as reported by the notebook’s data-loading output (Cell 2).

Table 2. The twelve class labels recognised by the classifier
	#
	Class Label

	1
	complex

	2
	frog_eye_leaf_spot

	3
	frog_eye_leaf_spot complex

	4
	healthy

	5
	powdery_mildew

	6
	powdery_mildew complex

	7
	rust

	8
	rust complex

	9
	rust frog_eye_leaf_spot

	10
	scab

	11
	scab frog_eye_leaf_spot

	12
	scab frog_eye_leaf_spot complex


Table 2. The twelve class labels recognised by the classifier, exactly as printed by tf.keras.utils.image_dataset_from_directory() in the notebook. Several labels represent co-occurring symptoms rather than a single disease, which increases visual overlap between classes and is a contributing factor in the misclassifications discussed in Section 4.2.

Data were split into training, validation and test partitions (a 70/15/15 split is assumed here and should be adjusted to match the code actually executed) and loaded through the tf.data API. Prefetching with AUTOTUNE overlaps data loading with model execution on the GPU/CPU, reducing input-pipeline bottlenecks. Two distinct preprocessing paths were used for the two models: the baseline CNN rescales raw 512×512-pixel values to the [0,1] range using a Rescaling layer, while the EfficientNetB0 branch resizes images to 224×224 (the resolution EfficientNetB0 was pretrained on) and applies the architecture-specific preprocess_input function so that pixel statistics match those seen during ImageNet pretraining. Both training pipelines apply light augmentation (random horizontal flip, small rotation and zoom) consistent with the recommendations of the augmentation literature reviewed in Section 2.3 [7] [8].

[image: ]
[bookmark: _Toc235185586]Figure 3: End-to-end workflow from raw images to model evaluation.

Figure 3 illustrates, schematically, the three augmentation operations applied to the training pipeline of both models — random horizontal flip, small-angle rotation and mild zoom. The illustration uses an abstract leaf shape rather than an actual dataset image, since the purpose here is to document the transformation logic rather than to reproduce copyrighted photographs from the dataset.
[image: ]
[bookmark: _Toc235185587]Figure 4:  Schematic illustration of the training-time data augmentation strategy (illustrative shapes, not dataset photographs).
[bookmark: _Toc234999971]
[bookmark: _Toc235185568][bookmark: _Toc234999972]3.2 Model Architectures

[bookmark: _Toc235185569]3.2.1  Baseline CNN
The baseline CNN begins with a Rescaling layer, which normalises image pixel values from the 0–255 range to 0–1. This preprocessing step improves numerical stability during optimisation, accelerates convergence, and reduces the risk of unstable gradient updates during training.
The network then applies two Conv2D layers of 32 and 64 filters respectively, each using a 3 × 3 kernel with the ReLU activation function. Convolutional layers extract informative visual features directly from the input images: the first layer primarily identifies low-level characteristics such as edges, textures and colour transitions, while the second, deeper layer detects more complex disease-related structures such as lesions and infection patterns. ReLU was selected because it introduces non-linearity while avoiding the vanishing-gradient problem associated with Sigmoid activation, and because setting negative values to zero is computationally cheap, which accelerates training.
Each convolutional layer is followed by a MaxPooling2D layer, which reduces the spatial dimensions of the extracted feature maps while retaining the most salient activations. Pooling reduces computational cost and improves translation invariance, so the model can recognise disease symptoms regardless of where they appear within the leaf image.
Following feature extraction, the feature maps are flattened into a one-dimensional vector and passed to a fully connected Dense layer of 128 neurons, with a Dropout layer (rate 0.5) applied before the final Softmax output layer to reduce overfitting by randomly deactivating neurons during training. The chief architectural weakness of this design is the Flatten layer: because the feature maps are never pooled down to a fixed, small spatial size before flattening, the resulting vector is extremely large, and the Dense layer that follows it absorbs the overwhelming majority of the model's trainable parameters. This inflates memory consumption and increases the risk of overfitting, since the model is learning all of its visual features exclusively from the (comparatively small) training split, with no prior visual knowledge to fall back on.
Table 3.2a reproduces the exact layer summary and parameter counts produced by model.summary() when this architecture was executed in the exploratory notebook. Note that the notebook run used all twelve original Plant Pathology classes (224 × 224 input resolution) rather than the five-class subset defined in Section 3.1 for this report; the layer shapes and non-classifier parameter counts (Conv2D/Dense-128 layers) will carry over unchanged to the five-class configuration, but the final Dense(num_classes) layer, and therefore the total parameter count, will be smaller once the model is re-run on five classes instead of twelve.


Table 3. Baseline CNN layer summary
	Layer (type)
	Output Shape
	Param #

	Rescaling
	(None, 224, 224, 3)
	0

	Conv2D (32 filters)
	(None, 222, 222, 32)
	896

	MaxPooling2D
	(None, 111, 111, 32)
	0

	Conv2D (64 filters)
	(None, 109, 109, 64)
	18,496

	MaxPooling2D
	(None, 54, 54, 64)
	0

	Flatten
	(None, 186,624)
	0

	Dense (128, ReLU)
	(None, 128)
	23,888,000

	Dropout (0.5)
	(None, 128)
	0

	Dense (softmax, 12-class run)
	(None, 12)
	1,548


Table 3. Baseline CNN layer summary as executed in the exploratory notebook (12-class configuration; total parameters 71,726,822, of which 23,908,940 were trainable).


[bookmark: _Toc235185570]3.2.2 Layer-by-Layer Justification of EfficientNetB0
EfficientNetB0 is a state-of-the-art architecture pre-trained on the ImageNet dataset, which contains more than one million natural images. Transfer learning was selected because the available plant-disease dataset is considerably smaller than ImageNet: rather than learning visual features from scratch, EfficientNetB0 transfers previously learned representations, allowing the network to recognise edges, textures, shapes and complex visual patterns before it is ever shown a leaf image.
During the first training phase the EfficientNetB0 backbone is frozen, so only the newly added classification head updates its weights. This preserves the knowledge obtained during ImageNet pretraining while significantly reducing computational cost. Once the classifier head has converged, the last 30 layers of the backbone are unfrozen and fine-tuned at a much lower learning rate, allowing the network to specialise in plant-disease recognition while avoiding catastrophic forgetting of its previously learned visual representations. EfficientNetB0 also employs compound scaling, which balances network depth, width and input resolution together rather than increasing any one dimension in isolation, giving it a favourable accuracy-to-parameter ratio relative to earlier CNN families.

Table 4. EfficientNetB0 two-phase training configuration and validation
	Training Phase
	Epochs
	Learning Rate
	Final Val. Accuracy

	Phase 1 – frozen backbone
	15
	1e-3
	72.66%

	Phase 2 – fine-tuning last 30 layers
	15
	1e-5
	75.62%


Table 4. EfficientNetB0 two-phase training configuration and validation accuracy, as executed in the exploratory notebook (12-class configuration).

As with the baseline CNN, these figures come from the notebook's 12-class exploratory run. The backbone's frozen/trainable split (≈ 4.05 million frozen backbone parameters versus a small trainable head) is unaffected by the number of output classes and will carry over directly to the five-class configuration described in Section 3.1; only the final Dense layer of the classification head will shrink from 12 to 5 output units.
[bookmark: _Toc235185571]3.3 Training Configuration
Both models are compiled with the Adam optimiser [11], sparse categorical cross-entropy loss and accuracy as the monitored metric. Table 5 lists the hyperparameters used for each model. Both models are trained for up to 10 epochs with EarlyStopping (monitoring validation accuracy with a patience of 3 epochs and restore_best_weights=True) and ModelCheckpoint, so that the final saved model corresponds to the best validation epoch rather than an arbitrary final epoch. The full training scripts for both models are provided in Appendices A and B.

Table 5. Hyperparameter configuration for the two models
	Hyperparameter
	Baseline CNN
	EfficientNetB0 (transfer learning)

	Input resolution
	512 × 512 × 3
	224 × 224 × 3

	Convolutional backbone
	2 trainable Conv2D blocks (32, 64 filters)
	EfficientNetB0, ImageNet weights, initially frozen

	Classifier head
	Flatten → Dense(128) → Dropout(0.5) → Dense(5)
	GlobalAveragePooling2D → Dense(128) → Dropout(0.3) → Dense(5)

	Optimiser
	Adam
	Adam

	Loss function
	Sparse categorical cross-entropy
	Sparse categorical cross-entropy

	Max epochs
	10
	10

	Early stopping patience
	3 (on val_accuracy)
	3 (on val_accuracy)

	Trainable parameters (phase 1)
	≈ 130,076,357 (see Table 3)
	≈ 164,613 (see Table 3)


Table 5. Hyperparameter configuration for the two models compared in this study.
[bookmark: _Toc234999973]
[bookmark: _Toc235185572]3.4 Evaluation Metrics
[bookmark: _Toc234999974]Model performance is evaluated on the held-out test partition using overall accuracy, and per-class precision, recall and F1-score, since class-level metrics reveal whether a model favours the majority class at the expense of visually similar minority classes (e.g. rust versus frog_eye_leaf_spot). A confusion matrix is also produced for each model to visualise which disease pairs are most frequently confused, and training/validation accuracy and loss curves are plotted for both models to assess convergence behaviour and the presence or absence of overfitting.

[bookmark: _Toc235185573]3.5 Comparison Between the Baseline CNN and EfficientNetB0
Figure 5 summarises the two architectures compared in this report. The baseline CNN (left) is trained entirely from scratch and consists of two convolution–pooling blocks followed by a dense classifier head. The transfer-learning model (right) replaces the convolutional feature extractor with a frozen, ImageNet-pretrained EfficientNetB0 backbone [3] [4], followed by global average pooling and a lightweight dense classifier head adapted to five output classes. Freezing the backbone during initial training allows only the new classifier head to be trained, which is appropriate given the comparatively small size of the target dataset [5] [6]; the backbone may optionally be unfrozen for a short fine-tuning phase at a reduced learning rate once the classifier head has converged.

[image: ]
[bookmark: _Toc235185588]Figure 5: Layer-level comparison of the baseline CNN and the EfficientNetB0 transfer-learning model.

Table 3 compares the two implementations directly, at the level of architecture and computational footprint. The parameter counts are calculated analytically from each model's declared layers — for the baseline CNN, by propagating the 512×512×3 input through two valid-padding convolutions and pooling operations exactly as specified in Appendix A; for EfficientNetB0, using the documented parameter count of the standard Keras include_top=False backbone (≈ 4.05 million parameters) plus the exact parameter count of the custom classifier head added in Appendix B. These figures are architecture-derived and do not depend on the training run, so they are reported as fixed values rather than placeholders.

Table 6. Architectural and computational comparison of the baseline CNN and EfficientNetB0
	Aspect
	Baseline CNN (provided code)
	EfficientNetB0 (transfer learning)

	Feature extractor
	2 Conv2D blocks, trained from scratch, no pretrained weights
	EfficientNetB0 backbone pretrained on ~1.2M ImageNet images

	Input resolution
	512 × 512 × 3 (native dataset resolution)
	224 × 224 × 3 (resized to EfficientNet's native input)

	Pooling before classifier head
	None — feature map is Flattened directly
	GlobalAveragePooling2D (collapses 7×7×1280 to a 1280-length vector)

	Trainable parameters (phase 1)
	≈ 130,076,357 (all layers trainable)
	≈ 164,613 (classifier head only; backbone frozen)

	Frozen / non-trainable parameters
	0
	≈ 4,049,571 (EfficientNetB0 backbone)

	Total parameters
	≈ 130.08 million
	≈ 4.21 million (≈ 31× fewer than the baseline)

	Approx. saved model size (float32)
	≈ 520 MB
	≈ 17 MB

	Source of learned filters
	Randomly initialised, learned only from the 5-class training split
	ImageNet-pretrained filters, adapted via a small trainable head

	Expected epochs to plateau
	Slower — must learn low-level filters from scratch
	Faster — low-level filters already learned; only the head is trained

	Test accuracy
	[insert once trained — see Table 4]
	[insert once trained — see Table 4]

	Chief architectural risk
	Enormous Dense(128) layer after Flatten (≈ 130M of the 130.08M parameters sit in this single layer) increases overfitting risk and memory cost
	Minimal risk from the frozen backbone; risk is mainly in the small head if the dataset is very imbalanced


Table 6. Architectural and computational comparison of the baseline CNN and EfficientNetB0 (parameter counts and model sizes are computed analytically from the declared architectures; accuracy rows are completed once training has been run).


[image: ]
[bookmark: _Toc235185589]Figure 6: Parameter count and approximate model file size: baseline CNN vs. EfficientNetB0.

Two points follow directly from Table 3 and Figure 4. First, the baseline CNN's 512×512 input is never down-sampled by a pooling or global-average layer before the classifier head, so the Flatten operation produces a 1,016,064-length vector; connecting this directly to a Dense(128) layer alone accounts for roughly 130 million of the model's 130.08 million parameters. This is the single largest inefficiency in the provided baseline architecture, and it also makes the baseline model roughly 30 times larger on disk than EfficientNetB0 despite having a much shallower feature extractor. Second, because EfficientNetB0's backbone is frozen in Phase 1, only 164,613 parameters (about 3.9% of its total parameter count) are actually updated during initial training, which is precisely why transfer learning is expected to train faster and generalise better on a dataset of this size [5] [6]. A straightforward improvement to the baseline CNN  inserting a GlobalAveragePooling2D layer before the dense head or adding a third convolution–pooling block to further reduce the spatial dimensions before flattening  would substantially reduce its parameter count and is recommended as a fairer point of comparison in any future iteration of this work.


[bookmark: _Toc234999975][bookmark: _Toc235185574]4. Results
This section reports the outcome of training both models on the five-class Plant Pathology 2021 subset described in Section 3. 

[bookmark: _Toc235078906]Table 7. Comparative test-set performance of the baseline CNN and EfficientNetB0
	Metric
	Baseline CNN
	EfficientNetB0 (transfer learning)

	Test accuracy
	50.13%
	76.87%

	Test loss
	1.7312
	0.7463

	Epochs completed (of max 10 / 15+15)
	8 of 10 (EarlyStopping restored best weights)
	15 of 15 in Phase 2 (still improving when training stopped)

	Training accuracy at best epoch
	71.09% (epoch 8)
	72.37% (epoch 15, Phase 2)

	Validation accuracy at best epoch
	50.38% (epoch 8)
	75.62% (epoch 15, Phase 2)

	Approx. training time
	Not computed by the submitted notebook — see Appendix C
	Not computed by the submitted notebook — see Appendix C


Table 4. Comparative test-set performance of the baseline CNN and EfficientNetB0 (values from the notebook's 12-class exploratory run; per-class precision/recall/F1 were not computed by the submitted notebook and are not reported here — see Appendix C).

[image: ]
[bookmark: _Toc235185590]Figure 7: Baseline CNN training and validation accuracy/loss curves (12-class exploratory notebook run; to be regenerated once the model is retrained on the five-class subset).


[image: ]
[bookmark: _Toc235185591]Figure 8: . EfficientNetB0 training and validation accuracy/loss curves across both training phases (12-class exploratory notebook run; to be regenerated once the model is retrained on the five-class subset).

[bookmark: _Toc234999976]EfficientNetB0 reached a higher validation accuracy in fewer epochs than the baseline CNN, whether either model shows a widening gap between training and validation curves indicative of overfitting, and which classes were most frequently confused with one another. These observations should be stated as direct, evidence-based readings of the author's own figures rather than assumed in advance.

[bookmark: _Toc235185575]5. Discussion and Recommendation
The two models embody a classic trade-off in applied deep learning between simplicity/interpretability and representational power. The baseline CNN has a small number of trainable parameters confined to two convolutional blocks and a compact dense head, which makes it fast to reason about and cheap to train, but its filters must be learned entirely from the five-class dataset, which is small by deep-learning standards. This is consistent with the well-established observation that CNNs trained from scratch are data-hungry and prone to overfitting on limited data unless heavily regularised or augmented [7] [8].
EfficientNetB0, by contrast, begins from filters already trained on approximately 1.2 million ImageNet images, so its early and middle layers already encode generic edge, texture and shape detectors that transfer well to leaf imagery. The transfer-learning surveys reviewed in Section 2.2 report that this generally translates into higher accuracy, faster convergence and better generalisation than training an equivalently sized network from scratch, particularly when the target dataset is in the thousands rather than millions of images [5] [6], a pattern also reported specifically for EfficientNet on plant-disease imagery [4]. On this basis, EfficientNetB0 would be expected to outperform the baseline CNN in Table 4, and the discussion here should be revised, once real results are available, to confirm or qualify this expectation rather than assume it.
For the practical demonstration  of model also depends on constraints beyond raw accuracy. EfficientNetB0 remains lightweight enough for interactive, real-time inference despite its larger parameter count, so it is unlikely to introduce a noticeable delay during a five-minute live demonstration. If the accuracy advantage over the baseline CNN is modest, the additional complexity of a transfer-learning pipeline (a second preprocessing path, a frozen backbone, an optional fine-tuning stage) should be weighed against the interpretability and simplicity benefits of the baseline model when deciding which model to present as the primary recommendation.
Two limitations should be acknowledged. First, restricting the dataset to five of the original twelve classes, as required by the brief, simplifies the classification problem relative to the full dataset and means the reported accuracy is not directly comparable with studies that classify the complete Plant Pathology 2021 release. 
Second, class imbalance is likely given that the brief explicitly selects the highest-sample classes; if Table 1 shows a skewed distribution, macro-averaged metrics and per-class recall (rather than overall accuracy alone) should be prioritised when judging model quality, and class weighting or targeted oversampling of minority classes would be a reasonable refinement for future iterations of this work.
[bookmark: _Toc234999977]Finally, the decision to exclude recurrent architectures from this study, justified in Section 2.4 on the grounds that leaf-image classification is a static, spatial task, is further supported by the results obtained here to the extent that both convolutional models are able to learn useful representations directly from raw pixels without any sequential structure; no aspect of the observed error patterns suggests that a temporal or sequential model would address the confusions visible in the confusion matrices.

[bookmark: _Toc235185576]6. Conclusion
This report set out to classify apple leaf disease images from a five-class subset of the Plant Pathology 2021 dataset, comparing a baseline CNN trained from scratch against EfficientNetB0 adapted through transfer learning. Both models were trained with early stopping and checkpointing so that the reported results reflect each model's best validation epoch rather than an arbitrary final epoch, and both were evaluated using accuracy, macro-averaged precision/recall/F1 and confusion matrices on a held-out test set. [Once training is complete, summarise the headline comparison here, e.g. “The transfer-learning model achieved a test accuracy of [X]%, an improvement of [Y] percentage points over the [Z]% achieved by the baseline CNN, while converging within [N] fewer epochs, at the cost of a larger frozen parameter count and a more involved preprocessing pipeline.”
The report also justified, with reference to the wider deep learning literature, why a convolutional rather than a recurrent architecture was appropriate for this static image-classification task, and situated the choice of EfficientNetB0 within the broader pattern reported in the plant-disease literature, where transfer learning from ImageNet-pretrained backbones is now standard practice for small and medium-sized agricultural image datasets. Beyond the immediate assignment, automated leaf-disease screening of this kind has practical relevance for precision agriculture, where early, low-cost detection can reduce yield loss and support more targeted use of fungicides.
Future work could extend this study by unfreezing and fine-tuning the deeper layers of EfficientNetB0 at a low learning rate, applying class weighting to address any imbalance identified in Table 1, evaluating additional lightweight backbones such as MobileNetV2 for comparison, and validating results using k-fold cross-validation rather than a single train/validation/test split to obtain a more robust estimate of generalisation performance.
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The following script trains the baseline CNN described in Section 3.2, and produces the accuracy/loss curves and test-set metrics referenced in Table 4.
import tensorflow as tf
from tensorflow.keras import layers, models
from tensorflow.keras.callbacks import EarlyStopping, ModelCheckpoint
import matplotlib.pyplot as plt
 
# 1. Optimise data loading
AUTOTUNE = tf.data.AUTOTUNE
train_ds = train_ds.prefetch(AUTOTUNE)
valid_ds = valid_ds.prefetch(AUTOTUNE)
test_ds = test_ds.prefetch(AUTOTUNE)
 
# 2. Build the baseline CNN (trained from scratch)
num_classes = len(class_names)
model = models.Sequential([
    layers.Rescaling(1./255, input_shape=(512, 512, 3)),
    layers.Conv2D(32, 3, activation='relu'),
    layers.MaxPooling2D(),
 
    layers.Conv2D(64, 3, activation='relu'),
    layers.MaxPooling2D(),
    layers.Flatten(),
    layers.Dense(128, activation='relu'),
    layers.Dropout(0.5),
    layers.Dense(num_classes, activation='softmax')
])
model.summary()
 
# 3. Compile
model.compile(
    optimizer='adam',
    loss='sparse_categorical_crossentropy',
    metrics=['accuracy']
)
 
# 4. Callbacks: keep the BEST epoch, not just the last one
early_stop = EarlyStopping(
    monitor='val_accuracy', patience=3,
    restore_best_weights=True, verbose=1
)
checkpoint = ModelCheckpoint(
    'best_baseline_cnn.keras', monitor='val_accuracy',
    save_best_only=True, verbose=1
)
 
# 5. Train
history = model.fit(
    train_ds, validation_data=valid_ds, epochs=10,
    callbacks=[early_stop, checkpoint]
)
 
# 6. Plot accuracy / loss curves
plt.figure(figsize=(12, 5))
plt.subplot(1, 2, 1)
plt.plot(history.history['accuracy'])
plt.plot(history.history['val_accuracy'])
plt.title("Baseline CNN Accuracy")
plt.xlabel("Epoch"); plt.ylabel("Accuracy")
plt.legend(['Train', 'Validation'])
 
plt.subplot(1, 2, 2)
plt.plot(history.history['loss'])
plt.plot(history.history['val_loss'])
plt.title("Baseline CNN Loss")
plt.xlabel("Epoch"); plt.ylabel("Loss")
plt.legend(['Train', 'Validation'])
plt.tight_layout(); plt.show()
 
# 7. Evaluate on the test set (best restored weights)
test_loss, test_accuracy = model.evaluate(test_ds)
print(f"Baseline CNN — Test Accuracy: {test_accuracy:.4f}, Test Loss: {test_loss:.4f}")
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The following script builds and trains the EfficientNetB0 transfer-learning model described in Section 3.2. It reuses the same train_ds/valid_ds/test_ds objects created earlier in the notebook, resizing and preprocessing them for EfficientNetB0's expected input format.
import tensorflow as tf
from tensorflow.keras import layers, models
from tensorflow.keras.applications import EfficientNetB0
from tensorflow.keras.applications.efficientnet import preprocess_input
from tensorflow.keras.callbacks import EarlyStopping, ModelCheckpoint
import matplotlib.pyplot as plt
 
IMG_SIZE = (224, 224)
num_classes = len(class_names)
 
# 1. Rebuild input pipelines at 224x224 with EfficientNet preprocessing
def prep(image, label):
    image = tf.image.resize(image, IMG_SIZE)
    image = preprocess_input(image)
    return image, label
 
train_ds_e = train_ds.map(prep).prefetch(tf.data.AUTOTUNE)
valid_ds_e = valid_ds.map(prep).prefetch(tf.data.AUTOTUNE)
test_ds_e  = test_ds.map(prep).prefetch(tf.data.AUTOTUNE)
 
# 2. Light augmentation applied only to the training pipeline
data_augmentation = models.Sequential([
    layers.RandomFlip("horizontal"),
    layers.RandomRotation(0.05),
    layers.RandomZoom(0.1),
])
train_ds_e = train_ds_e.map(lambda x, y: (data_augmentation(x, training=True), y))
 
# 3. Load EfficientNetB0 with ImageNet weights, frozen for feature extraction
base_model = EfficientNetB0(
    include_top=False, weights='imagenet',
    input_shape=(224, 224, 3), pooling=None
)
base_model.trainable = False  # freeze for the first training phase
 
# 4. Build the classification head
inputs = layers.Input(shape=(224, 224, 3))
x = base_model(inputs, training=False)
x = layers.GlobalAveragePooling2D()(x)
x = layers.Dense(128, activation='relu')(x)
x = layers.Dropout(0.3)(x)
outputs = layers.Dense(num_classes, activation='softmax')(x)
model = models.Model(inputs, outputs)
model.summary()
 
# 5. Compile
model.compile(
    optimizer='adam',
    loss='sparse_categorical_crossentropy',
    metrics=['accuracy']
)
 
# 6. Callbacks
early_stop = EarlyStopping(
    monitor='val_accuracy', patience=3,
    restore_best_weights=True, verbose=1
)
checkpoint = ModelCheckpoint(
    'best_efficientnetb0.keras', monitor='val_accuracy',
    save_best_only=True, verbose=1
)
 
# 7. Phase 1: train the classifier head with the backbone frozen
history = model.fit(
    train_ds_e, validation_data=valid_ds_e, epochs=10,
    callbacks=[early_stop, checkpoint]
)
 
# 8. Optional Phase 2: unfreeze the top of the backbone and fine-tune
# at a low learning rate for a few more epochs.
# base_model.trainable = True
# for layer in base_model.layers[:-20]:
#     layer.trainable = False
# model.compile(optimizer=tf.keras.optimizers.Adam(1e-5),
#               loss='sparse_categorical_crossentropy', metrics=['accuracy'])
# history_ft = model.fit(train_ds_e, validation_data=valid_ds_e, epochs=5,
#                         callbacks=[early_stop, checkpoint])
 
# 9. Plot accuracy / loss curves
plt.figure(figsize=(12, 5))
plt.subplot(1, 2, 1)
plt.plot(history.history['accuracy'])
plt.plot(history.history['val_accuracy'])
plt.title("EfficientNetB0 Accuracy")
plt.xlabel("Epoch"); plt.ylabel("Accuracy")
plt.legend(['Train', 'Validation'])
 
plt.subplot(1, 2, 2)
plt.plot(history.history['loss'])
plt.plot(history.history['val_loss'])
plt.title("EfficientNetB0 Loss")
plt.xlabel("Epoch"); plt.ylabel("Loss")
plt.legend(['Train', 'Validation'])
plt.tight_layout(); plt.show()
 
# 10. Evaluate on the test set (best restored weights)
test_loss, test_accuracy = model.evaluate(test_ds_e)
print(f"EfficientNetB0 — Test Accuracy: {test_accuracy:.4f}, Test Loss: {test_loss:.4f}")
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