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[bookmark: _Toc235187535]Abstract
This report documents the design, implementation and evaluation of an image-classification pipeline built around a pre-trained EfficientNet-B0 backbone, applied to the Plant Pathology apple-leaf dataset and executed end-to-end in the accompanying notebook. Rather than treating each disease as an independent label, the dataset directory used for this project folds every observed combination of symptoms into its own compound class, producing twelve target categories that range from common single diseases such as healthy, scab and rust to rare multi-symptom combinations such as “scab frog_eye_leaf_spot complex”.
A two-stage transfer-learning protocol was used: the EfficientNet-B0 convolutional base, pre-trained on ImageNet, was first kept frozen while a new classification head was trained on top of it for fifteen epochs, after which the last thirty layers of the backbone were unfrozen and fine-tuned at a reduced learning rate. On a held-out test partition of 1,863 images the model reached an overall accuracy of 66.8%, with a weighted-average F1-score of 0.64 but a macro-averaged F1-score of only 0.33, a gap explained almost entirely by severe class imbalance: five of the twelve compound classes contain fewer than twenty test images each and were essentially never predicted correctly.
Alongside the training curves, classification report and confusion matrix reproduced directly from the executed notebook, this report adds a comparative study that places the obtained results, and the EfficientNet-B0 architecture itself, against other backbones and studies reported in the plant-disease-classification literature, before closing with recommendations for addressing the observed imbalance in future iterations of the work.
Keywords: Neural Networks; Image Classification; Plant Pathology; EfficientNet; Convolutional Neural Network; Transfer Learning; Fine-Tuning; Class Imbalance; Comparative Study


[bookmark: _Toc235187536]1. Introduction
[bookmark: _Toc235187537]1.1 Background of Neural Networks
Neural networks are computing systems loosely modelled on the structure of the human brain, built from layers of connected units that learn to detect patterns directly from data rather than from hand-specified rules. Because they learn latent, non-linear relationships between inputs and outputs, they have become the default tool for prediction, classification and decision-making tasks across computer vision, language and tabular domains alike. Convolutional neural networks (CNNs) in particular exploit the spatial structure of images through local receptive fields and weight sharing, which makes them the natural choice for any task, such as this one, that requires a model to recognise visual symptoms of disease on a leaf surface.
[bookmark: _Toc235187538]1.2 Importance of Image Classification in Agriculture
Image classification is one of the foundational tasks of computer vision, underpinning applications from face recognition to medical diagnosis and autonomous driving. In agriculture specifically, image-based diagnosis of crop disease offers a way to reduce reliance on slow, subjective manual inspection by agronomists, allowing growers to identify foliar disease early and act before yield losses become severe. A model that can be deployed on a phone or a low-cost field camera has the potential to bring expert-level diagnosis to growers who do not have routine access to a plant pathologist, which is the underlying motivation for the present project.
[bookmark: _Toc235187539]1.3 Overview of the Plant Pathology Dataset
The Plant Pathology dataset used in this study consists of expert-annotated RGB photographs of apple leaves, split into training, validation and test partitions of 8,691, 1,862 and 1,863 images respectively, as confirmed directly by the dataset loader in the executed notebook (Figure 1). Rather than treating each disease as an independent label, the directory structure supplied for this project encodes every observed combination of symptoms as its own folder, producing twelve classes in total: complex, frog_eye_leaf_spot, frog_eye_leaf_spot complex, healthy, powdery_mildew, powdery_mildew complex, rust, rust complex, rust frog_eye_leaf_spot, scab, scab frog_eye_leaf_spot, and scab frog_eye_leaf_spot complex. This design turns what is conceptually a multi-label problem into a single-label, twelve-way classification problem, at the cost of creating several very small compound classes that are difficult for any model to learn reliably.
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[bookmark: _Toc235176908]Figure 1: Dataset loading and class discovery (executed notebook output)

[bookmark: _Toc235187540]1.4 Aim and Objectives of the Study
This report aims to describe and critically evaluate a transfer-learning approach, based on EfficientNet-B0, for classifying apple foliar disease images into the twelve compound categories described above, and to place the resulting model in the context of comparable work in the literature. The specific objectives are to: (1) review the literature on CNN-based and transfer-learning approaches to plant disease classification; (2) describe the data preparation, augmentation and model configuration used in the accompanying notebook; (3) present the training and fine-tuning behaviour of the model as recorded during execution; (4) evaluate the trained model on a held-out test set using accuracy, per-class precision/recall/F1 and a confusion matrix; (5) explain, with reference to class support, why several compound classes are classified with near-zero accuracy; and (6) conduct a comparative study that benchmarks the obtained results and the EfficientNet-B0 backbone against other datasets, architectures and published studies.


[bookmark: _Toc235187541]2. Related Work
[bookmark: _Toc235187542]2.1 From Hand-Crafted Features to Deep Learning
Early automated approaches to plant disease recognition relied on classical machine-learning pipelines that combined hand-engineered colour, texture and shape descriptors with classifiers such as support vector machines. These pipelines could separate healthy and diseased tissue under constrained conditions but required domain-specific feature engineering and generalised poorly to the variable lighting and backgrounds typical of field photography [1]. The demonstration that deep convolutional neural networks trained end-to-end on ImageNet could substantially outperform hand-crafted features on large-scale recognition tasks [2] quickly propagated into agricultural applications, with early studies on the PlantVillage dataset reporting classification accuracy above 99 percent under controlled, laboratory-style imaging conditions [3]. Subsequent work extended deep leaf-image classification beyond PlantVillage, including convolutional networks trained directly on raw leaf photographs [4], smartphone-captured cassava leaf images acquired under real field conditions [5], and broader surveys concluding that deep learning models consistently outperform classical descriptors for plant disease detection and diagnosis across crops [6]. At the same time, several of these surveys caution that reported accuracies are highly sensitive to dataset realism, image acquisition conditions and class balance, a factor that directly motivates the comparative study in Section 5 of this report [7].
[bookmark: _Toc235187543]2.2 Transfer Learning and the EfficientNet Family
Modern plant disease classifiers almost universally rely on transfer learning: a convolutional backbone pre-trained on ImageNet is repurposed by replacing its classification head, which is trained first with the backbone frozen and then, optionally, fine-tuned end-to-end at a lower learning rate. Architectures compared in the wider literature include VGG-style networks [8], which stack small convolutional filters into deep uniform blocks; the Inception/GoogLeNet family [9], which uses parallel multi-scale convolutional branches within a single module; residual networks [10], which use skip connections to permit very deep training; densely connected networks [11], which encourage feature reuse through dense inter-layer connections; and EfficientNet [12], which uses a compound scaling rule to balance network depth, width and input resolution jointly. EfficientNet variants have been reported to reach among the highest accuracy on plant leaf disease classification while using substantially fewer parameters than VGG- or Inception-style networks [13], motivating the choice of EfficientNet-B0 as the backbone for this study.
[bookmark: _Toc235187544]2.3 The Plant Pathology Dataset in Prior Work
The original Plant Pathology dataset release reported that an off-the-shelf ResNet50 network achieved 97 percent overall test accuracy, but only around 51 percent recall on the ambiguous “complex symptoms” category [14], illustrating that a single aggregate accuracy figure can conceal serious weaknesses on minority or ambiguous classes. Subsequent extensions of the dataset enlarged the image count and reframed the task as multi-label classification, and later work has used ensembles of CNN backbones to improve robustness to co-occurring diseases on a single leaf [15]. The compound-class formulation used in the present study reproduces this same weakness in an even more acute form, since several compound categories contain only a handful of examples.
[bookmark: _Toc235187545]2.4 Techniques for Improving Model Performance
A number of standard techniques were drawn on for this implementation. Data augmentation (flips, rotations, zoom, contrast and translation jitter) increases the effective diversity of the training set and reduces overfitting. Batch normalisation stabilises training by normalising layer activations [16], and dropout reduces co-adaptation between neurons by randomly deactivating units during training [17]. The Adam optimiser [18], combined with learning-rate scheduling and early stopping on validation loss, helps the model converge reliably without overtraining, and all of these components are present in the training pipeline described in Section 3.


[bookmark: _Toc235187546]3. Methodology and Implementation
[bookmark: _Toc235187547]3.1 Dataset Loading
The dataset was loaded directly from a folder structure using tf.keras.utils.image_dataset_from_directory, with all images resized to 224x224 pixels — the native input resolution for EfficientNet-B0 — and batched in groups of 32. The loader automatically inferred the twelve class labels from the training directory, confirming the class list and image counts shown in Figure 2, reproduced directly from the executed notebook.
[image: ]
[bookmark: _Toc235176909]Figure 2: Dataset loading and class discovery (executed notebook output)
[bookmark: _Toc235187548]3.2 Data Augmentation and Backbone Initialisation
To reduce overfitting given the relatively small and imbalanced training set, a Keras augmentation pipeline applied random horizontal flips, rotations of up to 20%, zoom, contrast jitter and small translations to every training batch. The EfficientNet-B0 backbone was then instantiated with ImageNet pre-trained weights and its top classification layers excluded, and the backbone was initially frozen so that only the new classification head would be trained (Figure 3).
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[bookmark: _Toc235176910]Figure 3: EfficientNet-B0 backbone loaded successfully with ImageNet weights (executed notebook output)
[bookmark: _Toc235187549]3.3 Classification Head and Compilation
A new classification head was attached to the frozen backbone: global average pooling reduced the spatial feature maps to a single vector, followed by batch normalisation, a 512-unit dense layer with ReLU activation and a 0.5 dropout, a second 256-unit dense layer with ReLU activation and a 0.3 dropout, and a final softmax layer with one unit per class. This two-dense-layer head is somewhat deeper than a minimal single-layer head, giving the classifier more capacity to separate twelve visually overlapping categories. The code used to assemble the head is shown in Figure 4, and the resulting model summary — 4,844,975 total parameters, of which only 792,844 were trainable in Stage 1 — is shown in Figure 5.
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[bookmark: _Toc235176911]Figure 4: Classification head construction code (executed notebook)
[image: ]
[bookmark: _Toc235176912]Figure 5: Model summary showing total, trainable and non-trainable parameters (executed notebook output)
The model was compiled with the Adam optimiser at a learning rate of 1e-4 and sparse categorical cross-entropy loss, appropriate for the single-label, twelve-way classification setup described in Section 1.3.


[bookmark: _Toc235187550]3.4 Two-Stage Training Procedure
Training followed a standard two-stage transfer-learning protocol. In Stage 1, the EfficientNet-B0 backbone remained frozen and only the new head was trained for 15 epochs, with early stopping on validation loss and a learning-rate-reduction callback (Figure 6). Training accuracy rose from 35.8% to 65.8% while validation accuracy climbed more steadily, reaching 70.4% by epoch 10 before settling around 70.3% by the final epoch, with the learning rate automatically reduced twice, at epoch 12 (to 2.0e-5) and epoch 14 (to 4.0e-6), as validation loss plateaued (Figure 7).
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[bookmark: _Toc235176913]Figure 6: Stage 1 compilation, callbacks and training call (executed notebook)
[image: ]
[bookmark: _Toc235176914]Figure 7: Stage 1 training log — frozen EfficientNet-B0 backbone (executed notebook output)
In Stage 2, the backbone was unfrozen except for its first layers (all but the last 30 layers were re-frozen) and the whole network was fine-tuned at a much lower learning rate of 1e-5 (Figure 8). This stage, requested for 15 epochs, stopped after only 5, with validation loss still falling at the point of stopping (1.0588 to 1.0135); this is consistent with the run being interrupted by the session rather than by genuine early-stopping convergence. The model was then evaluated directly on the held-out test set, reaching a test accuracy of 66.8% (Figure 9).
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[bookmark: _Toc235176915]Figure 8: Stage 2 fine-tuning code — unfreezing the last 30 layers and recompiling at a lower learning rate (executed notebook)
[image: ]
[bookmark: _Toc235176916]Figure 9: Stage 2 fine-tuning log and held-out test-set evaluation — last 30 layers unfrozen (executed notebook output)



[bookmark: _Toc235187551]3.5 Evaluation Metrics
Because the twelve classes are heavily imbalanced, overall accuracy alone is not sufficient to characterise model quality. The evaluation protocol therefore reports per-class precision, recall and F1-score alongside overall accuracy, together with macro- and weighted-averaged summaries, and a confusion matrix to show which classes are most often confused with one another.
[bookmark: _Toc235187552]4. Results and Discussion
[bookmark: _Toc235187553]4.1 Training and Fine-Tuning Behaviour
Figure 10 plots the accuracy and loss curves recorded by the notebook's history object for Stage 2. Because the same history variable was reused for both training stages, the plotting cell captured only the five epochs of Stage 2 rather than the full fifteen-epoch Stage 1 run; within that window, validation accuracy remained consistently above training accuracy, a pattern typically produced by dropout and augmentation making the training pass harder than plain inference on the (unaugmented) validation images, and both training and validation loss continued to fall smoothly across all five recorded epochs, with no sign of overfitting yet emerging.
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[bookmark: _Toc235176917]Figure 10: Stage 2 training/validation accuracy and loss curves (executed notebook output)
[bookmark: _Toc235187554]4.2 Held-Out Test Performance
On the 1,863-image held-out test set, the model reached an overall accuracy of 66.8%, with a weighted-average F1-score of 0.64 and a macro-average F1-score of only 0.33 (Figure 11). The large gap between the weighted and macro averages is itself diagnostic: weighted averaging is dominated by the large classes (healthy, scab, frog_eye_leaf_spot), while macro averaging treats every class equally regardless of size and is dragged down heavily by the compound classes.
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[bookmark: _Toc235176918]Figure 11: Held-out test-set classification report (executed notebook output)
[bookmark: _Toc235187555]4.3 Confusion Matrix Analysis
The confusion matrix (Figure 12) confirms that the model performs well on the well-represented single-disease classes: healthy (367/445 correct, 82.5%), scab (384/500 correct, 76.8%), frog_eye_leaf_spot (225/310 correct, 72.6%) and powdery_mildew (100/126 correct, 79.4%) all form a clear, strongly diagonal block, while rust (128/186, 68.8%) and the generic “complex” class (40/160, 25.0%) are noticeably weaker. Confusion is concentrated in two places: (1) between visually similar single-disease classes, for example rust and frog_eye_leaf_spot images frequently predicted as complex or as each other; and (2) between a compound class and its constituent single-disease class, for example the majority of “scab frog_eye_leaf_spot” images were predicted simply as “scab” or “frog_eye_leaf_spot” — an intuitive error, since a leaf with two overlapping diseases still displays the visual signature of each one individually.
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[bookmark: _Toc235176919]Figure 12: Confusion matrix on the held-out test set (executed notebook output)
[bookmark: _Toc235187556]4.4 Why the Rare Compound Classes Score Near Zero
Five of the twelve classes — frog_eye_leaf_spot complex (16 test images), powdery_mildew complex (8), rust complex (9), rust frog_eye_leaf_spot (13) and scab frog_eye_leaf_spot complex (17) — received a precision, recall and F1-score of exactly 0.00 in Figure 11, and the confusion matrix shows no correctly classified example in any of these rows. A sixth class, scab frog_eye_leaf_spot (73 test images), fared only marginally better, with a single-digit number of correct predictions (precision 0.09, recall 0.01). This is not a modelling failure specific to EfficientNet-B0; it is a direct, near-inevitable consequence of the class distribution and the compound-labelling scheme:
Extreme class imbalance: each of these classes makes up under 1% of the roughly 8,700 training images, so the model sees only a handful of examples of each label. A classifier trained with unweighted cross-entropy has little statistical incentive to carve out decision space for classes this small, since near-perfect overall accuracy is achievable by simply never predicting them.
Visual overlap with majority classes: every compound class is, by definition, a combination of symptoms that also appear on their own as majority classes (rust, scab, frog_eye_leaf_spot, powdery_mildew). The confusion matrix shows the model routing most of these images into the corresponding single-disease class or into the generic “complex” bin rather than into the specific compound label.
No class-weighting or oversampling was applied in this run: the training pipeline used a plain sparse categorical cross-entropy loss with no class weights, no oversampling of minority classes, and no focal-loss-style down-weighting of easy examples. Given the severity of the imbalance, this omission is largely responsible for the near-zero scores observed, rather than any inherent limitation of the EfficientNet-B0 architecture itself.
In short, the model has learned a reasonably good discriminator among the common categories, but it has effectively never been given a training signal strong enough to justify predicting the rarest compound labels, so it almost never does.
[bookmark: _Toc235187557]4.5 Recommendations
Three changes would be expected to meaningfully improve performance on the rare compound classes in a future iteration of this work: applying class-weighted or focal loss so that errors on minority classes are penalised more heavily; oversampling or synthetically augmenting the minority classes specifically, rather than relying on generic augmentation applied equally to all classes; and reframing the problem as genuine multi-label classification (predicting each disease independently with a sigmoid output and binary cross-entropy per label) rather than folding every symptom combination into its own compound class, which would allow the model to recognise “scab” and “frog_eye_leaf_spot” as co-occurring signals rather than requiring a dedicated, data-starved compound category for every combination.
[bookmark: _Toc235187558]5. Comparative Study
[bookmark: _Toc235187559]5.1 Comparison with Published Plant Disease Classification Studies
Table 1 places the accuracy obtained in this study alongside figures widely reported in the plant-disease-classification literature. The comparison shows that the 66.8% overall accuracy obtained here is far below the 97-99% figures typically reported on the PlantVillage dataset or on single-label formulations of Plant Pathology, but the gap is explained largely by two factors that are independent of the backbone architecture: PlantVillage images are captured in controlled laboratory conditions against uniform backgrounds, whereas Plant Pathology images are field photographs with natural lighting, occlusion and background clutter; and the twelve-way compound-label formulation used here is a substantially harder task than a five- or six-way single-disease label set, since it requires the model to distinguish rare symptom co-occurrences that visually resemble their constituent single diseases. Notably, even the original ResNet50 baseline on this same dataset, evaluated as a single-label problem, reported only around 51% recall on its ambiguous “complex” category [14], echoing the same imbalance-driven weakness observed for this study's five near-zero compound classes.
	Study
	Backbone
	Dataset / Task
	Result

	Mohanty et al. [3]
	AlexNet / GoogLeNet
	PlantVillage, single-label, lab
	~99.3% acc.

	Thapa et al. [14]
	ResNet50
	Plant Pathology, single-label, field
	97% acc.; ~51% recall (complex)

	Atila et al. [13]
	EfficientNet-B5
	PlantVillage, single-label, lab
	~99.9% acc.

	Too et al. [19]
	DenseNet121
	PlantVillage, single-label, lab
	~99.75% acc.

	This study
	EfficientNet-B0
	Plant Pathology, 12-class compound, field
	66.8% acc.; macro-F1 0.33


[bookmark: _Toc235176920]Table 1: Comparison with published plant-disease classification studies
[bookmark: _Toc235187560]5.2 Comparison of CNN Backbone Architectures
Beyond comparing datasets and reported accuracies, it is useful to compare EfficientNet-B0 itself against the other backbones most frequently used in the plant-disease literature on structural grounds, since this explains why EfficientNet-B0 was selected as the backbone for this project rather than a deeper, older architecture. Table 2 summarises the approximate parameter count and core design idea of each network.
	Architecture
	Params
	Core Idea
	Role in Literature

	VGG16
	~138M
	Deep uniform stacks of small 3x3 convolutions
	Early baseline; high compute cost

	ResNet50
	~25M
	Residual skip connections for very deep training
	Original Plant Pathology baseline

	DenseNet121
	~8M
	Dense inter-layer connections, feature reuse
	Often top accuracy in fine-tuning studies

	EfficientNet-B0
	~5.3M
	Compound scaling of depth / width / resolution
	Best accuracy-to-compute ratio; used here


[bookmark: _Toc235176921]Table 2: Qualitative comparison of CNN backbone architectures
[bookmark: _Toc235187561]5.3 Discussion of Comparative Findings
Two conclusions follow from Tables 1 and 2. First, the choice of EfficientNet-B0 as a backbone is well supported by the wider literature: it is reported to match or exceed the accuracy of substantially larger networks such as VGG16 and ResNet50 while using a fraction of their parameters, which is particularly valuable when, as in this project, training and fine-tuning are carried out on a time-limited GPU session. Second, and more importantly for interpreting this project's own results, the comparison shows that the backbone architecture is not the limiting factor in the 66.8% accuracy obtained here. Studies that reach 97-99% accuracy overwhelmingly use either laboratory-quality images, single-label formulations, or both; the moment prior work adopts field images and an ambiguous compound-class label (as the original Plant Pathology ResNet50 baseline does), its performance on minority or ambiguous classes collapses in a very similar way to what is observed in Section 4.4. This suggests that swapping EfficientNet-B0 for a larger backbone such as ResNet50 or DenseNet121 would be unlikely, on its own, to close the macro-F1 gap identified in this report; the more direct route, consistent with the recommendations in Section 4.5, is to address the label formulation and the class-imbalance handling of the training pipeline rather than the backbone choice.


[bookmark: _Toc235187562]6. Conclusion
[bookmark: _Toc235187563]6.1 Summary of Work
This report has described the implementation of an EfficientNet-B0 transfer-learning pipeline for classifying apple foliar disease images from the Plant Pathology dataset into twelve compound categories. A two-stage training protocol — frozen-backbone head training followed by partial fine-tuning — was applied, and the resulting model was evaluated on a held-out test set using accuracy, per-class precision/recall/F1 and a confusion matrix, all reproduced directly from the executed notebook, and benchmarked against comparable studies and backbone architectures from the literature.
[bookmark: _Toc235187564]6.2 Key Findings
The model reached 66.8% overall test accuracy and performed well on the majority classes (healthy, scab, frog_eye_leaf_spot, powdery_mildew, rust), but scored at or near zero on six minority compound classes that together account for a small fraction of the dataset. This pattern is consistent with the class-imbalance effect documented in the original Plant Pathology dataset literature, where aggregate accuracy figures were shown to mask much weaker performance on ambiguous or minority categories, and the comparative study in Section 5 indicates that this gap is attributable primarily to the label formulation and the imbalance-handling strategy rather than to the EfficientNet-B0 backbone itself.
[bookmark: _Toc235187565]6.3 Limitations and Future Work
The fine-tuning run recorded in this notebook stopped after only five of the requested fifteen epochs, most likely due to session interruption rather than genuine convergence, since validation loss was still decreasing at the point of stopping; a completed fine-tuning run may close some of the remaining gap. A further limitation is that the training-history plot in Figure 10 reflects only the five Stage 2 epochs, since the same history variable was overwritten between stages, so the full fifteen-epoch Stage 1 trajectory could not be reproduced graphically. Beyond additional training time, the recommendations in Section 4.5 — class-weighted loss, targeted oversampling and a genuine multi-label reformulation — together with the comparative evidence in Section 5 that larger backbones are unlikely to help on their own, represent the most direct route to improving recognition of the rare compound-disease categories in future work.
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inputs = tf.keras.Input(shape=(224,224,3))

X = data augmentation(inputs)

X = tf.keras.applications.efficientnet.preprocess input(x)
X = base model(x, training=False)

X = layers.GlobalAveragePooling2D() (x)

X = layers.BatchNormalization() (x)

X = layers.Dense(512, activation="relu") (x)

X = layers.Dropout(0.5) (x)

X = layers.Dense(256, activation="relu") (x)

X = layers.Dropout(0.3)(x)

outputs = layers.Dense(len(class names), activation="softmax") (x)
model = Model(inputs, outputs)

model.summary ()
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Model: "functional 1"

Layer (type) Output Shape Param #
et dayer 1 (wtiayer)  Glona, 226, 26, 3 8

sequential (Sequential) (None, 224, 224, 3) ¢]
efficientnetb® (Functional) (None, 7, 7, 1280) 4,049,571
global average pooling2d (None, 1280) 0
(GlobalAveragePooling2D)

batch normalization (None, 1280) 5,120
(BatchNormalization)

dense (Dense) (None, 512) 655,872
dropout (Dropout) (None, 512) ¢]
dense 1 (Dense) (None, 256) 131,328
dropout 1 (Dropout) (None, 256) ¢]
dense 2 (Dense) (None, 12) 3,084

Total params: 4,844,975 (18.48 MB)
Trainable params: 792,844 (3.02 MB)
Non-trainable params: 4,052,131 (15.46

MB)
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model.compile(
optimizer=tf.keras.optimizers.Adam(learning rate=0.0001),
loss="sparse categorical crossentropy",

metrics=["accuracy"]

early stop = tf.keras.callbacks.EarlyStopping(

monitor="val loss", patience=5, restore best weights=True
)
reduce lr = tf.keras.callbacks.ReduceLROnPlateau(

monitor="val loss", factor=0.2, patience=2, min lr=1le-6, verbose=1

history = model.fit(
train ds,
validation data=valid ds,
epochs=15,

callbacks=[early stop, reduce lr]
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# Unfreeze the base model

base model.trainable = True

# Freeze all layers except the last 30
for layer in base model.layers[:-30]:

layer.trainable = False

model.compile(
optimizer=tf.keras.optimizers.Adam(learning rate=le-5),
loss="sparse categorical crossentropy",

metrics=["accuracy"]

history = model.fit(
train ds,
validation data=valid ds,
epochs=15,

callbacks=[early stop, reduce lr]

test loss, test accuracy = model.evaluate(test ds)

print("Test Accuracy:", test accuracy)
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Fine-tuning last 30 layers...
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Found 8691 files belonging to 12 classes.

Found 1862 files belonging to 12 classes.

Found 1863 files belonging to 12 classes.

['complex', 'frog eye leaf spot', 'frog eye leaf spot complex', 'healthy', 'powdery mildew',
'powdery mildew complex', 'rust', 'rust complex', 'rust frog eye leaf spot', 'scab', 'scab
frog eye leaf spot', 'scab frog eye leaf spot complex']

Number of Classes = 12




