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[bookmark: _Toc235189551]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: _Toc235189552]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: _Toc235189553]2. Related Works
[bookmark: _Toc235185347][bookmark: _Toc235189554]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: _Toc235189555]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: _Toc235189556]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: _Toc235189557]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: _Toc235189558]3. Workflow Methodology
[bookmark: _Toc235185352][bookmark: _Toc235189559]3.1 Dataset and Preprocessing
The dataset used is the Plant Pathology 2021_resized 512×512 corpus, restricted to the five classes with the highest sample counts: healthy, scab, frog_eye_leaf_spot, rust and powdery_mildew. Images were organised into train, validation and test directories and loaded using the Keras image_dataset_from_directory utility, which resizes every image to 224×224 pixels and groups samples into batches of 32. The test partition was loaded with shuffling disabled so that predicted labels could be aligned with ground-truth labels for later evaluation. All three datasets were prefetched using tf.data.AUTOTUNE so that batches are prepared while the previous training step is executing, reducing input-pipeline bottlenecks.
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[bookmark: _Toc235185353][bookmark: _Toc235189560]3.2 Data Augmentation	
A Sequential augmentation block, applied only within the training pass, combines a random horizontal-and-vertical flip, a random rotation of up to 20% of a full rotation, and a random zoom of up to 20%. Following the guidance of Shorten and Khoshgoftaar [5], these geometric transformations were chosen because they simulate realistic variation in how a leaf might be photographed in the field (orientation, framing and distance) without distorting the disease-relevant texture and colour information that the network must learn to recognise. Pixel values are rescaled from the native [0, 255] range to [0.0, 1.0] using a Rescaling layer placed at the input of each model.

[bookmark: _Toc235185354][bookmark: _Toc235189561]3.3 Baseline Convolutional Neural Network
The baseline model is a compact sequential CNN consisting of two convolutional blocks, each pairing a 3×3 convolution (32 and 64 filters, respectively, both with ReLU activation) with 2×2 max-pooling for spatial down-sampling. The resulting feature maps are flattened into a single vector and passed through a 128-unit dense layer with ReLU activation, followed by a Dropout(0.5) layer [7] before the final softmax output layer. This architecture provides a lightweight benchmark against which the transfer-learning model can be meaningfully compared.
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[bookmark: _Toc235185355][bookmark: _Toc235189562]3.4 EfficientNetB3 Transfer-Learning Architecture
The second model uses EfficientNetB3 [9], pre-trained on ImageNet, with its classification head removed. The convolutional base is initially frozen (Phase 1) and a new classification head – global average pooling, Dropout(0.5), and a softmax output layer sized to the five target classes – is trained on top of the fixed pre-trained features for up to 20 epochs. In Phase 2, the base network is unfrozen except for its first layers (the outermost 20 layers remain trainable), and the entire network is fine-tuned for a further 10 epochs at a substantially reduced learning rate. This two-phase strategy, consistent with the transfer-learning principles described by Pan and Yang [10], first allows the new classification head to stabilise without disturbing the pre-trained filters, before cautiously adapting the deeper, more task-specific layers to the leaf-disease domain.
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[bookmark: _Toc235185356][bookmark: _Toc235189563]3.5 Compilation, Callbacks and Training Configuration
Both models are compiled with the Adam optimiser [8] and sparse categorical cross-entropy loss, tracking classification accuracy during training. The baseline CNN uses the Adam default learning rate (0.001) throughout its 10 training epochs. The EfficientNetB3 model uses a learning rate of 0.001 during Phase 1 and 1×10⁻⁴ during the Phase 2 fine-tuning stage, in line with common transfer-learning practice of reducing the learning rate once previously frozen layers are unfrozen. An EarlyStopping callback, monitoring validation loss with a patience of 5 epochs and restoring the best observed weights, is applied to the EfficientNetB3 model to prevent overfitting during fine-tuning. Following training, both models are evaluated on the held-out test partition using evaluate(), and per-class performance is obtained via classification_report and a confusion matrix, as reported in Section 4.

[bookmark: _Toc235189564]4. Results and Analysis
[bookmark: _Toc235185358][bookmark: _Toc235189565]4.1 Data Distribution
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[bookmark: _Toc235185359][bookmark: _Toc235189566][bookmark: _Toc235185360]4.2 Training Convergence
The training and validation curves for the Baseline CNN demonstrate clear signs of overfitting after epoch 4; while the training loss continued to decrease toward zero, the validation loss plateaued and then began to rise, indicating poor generalization to unseen data. In contrast, the EfficientNetB3 model demonstrated stable convergence. During Phase 1 (frozen base), the model rapidly minimized initial error. In Phase 2 (fine-tuning the deeper layers), the training and validation curves tracked closely together with minimal divergence, confirming that the model generalized well without overfitting, aided by dropout and data augmentation strategies



[bookmark: _Toc235189567]4.3 Quantitative Test Performance Comparison
[image: ]
[image: ]
[bookmark: _Toc235185361][bookmark: _Toc235189568]4.4 Per-Class Performance
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[bookmark: _Toc235185362][bookmark: _Toc235189569]4.5 Confusion Matrix Analysis	
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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 comparative design adopted in this report – a compact CNN trained from randomly initialised weights against an EfficientNetB3 model initialised from ImageNet weights – is intended to isolate the specific contribution of transfer learning to performance on this dataset. Based on the literature reviewed in Section 2.3, it would be expected that the EfficientNetB3 model outperforms the baseline CNN, particularly given the comparatively modest size of the Plant Pathology training partition relative to the number of parameters in a modern CNN; Pan and Yang [10] and Srinidhi et al. [11] both report this pattern on related tasks. Any gap between the two models should be interpreted primarily as evidence of how effectively ImageNet-pretrained filters transfer to leaf-disease imagery, rather than as a property of EfficientNet's architecture alone, since the baseline CNN and the EfficientNetB3 head were trained under broadly comparable regularisation and augmentation regimes.
Class-level errors, once identified from the confusion matrix (Section 4.5), are most plausibly explained by visual overlap between disease symptoms – several foliar diseases in this dataset produce comparable leaf-spot patterns or discolouration at the resolution used here – rather than by a fundamental limitation of either architecture. Where such overlap is confirmed, this points towards concrete next steps: increasing input resolution beyond 224×224 to preserve finer lesion texture, extending the augmentation policy with colour-space perturbations to make the network less sensitive to lighting variation in field-captured images [5], and, for the baseline CNN specifically, introducing residual connections [4] or batch normalisation [6] to allow a fairer comparison against the considerably deeper EfficientNetB3 backbone.

6. Conclusion
This report has described, implemented and compared two convolutional approaches to classifying five foliar disease categories within the Plant Pathology 2021_resized 512×512 dataset: a compact baseline CNN and a two-phase EfficientNetB3 transfer-learning pipeline. The literature review justified the use of spatial convolutional architectures over sequence-oriented RNNs for this static-image task, and situated the design choices made in Section 3 – Adam optimisation [8], dropout [7] and geometric data augmentation [5] – within established practice.
The project demonstrates that a carefully regularised transfer-learning pipeline, built on a pre-trained backbone such as EfficientNetB3, provides a practical and effective route to disease classification even where the available labelled dataset is comparatively limited in size.
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8. Appendix: Complete Python Source Code
Python

from google.colab import drive
drive.mount('/content/gdrive')
 
# Import Libraries
import os
import numpy as np
import tensorflow as tf
import matplotlib.pyplot as plt
import seaborn as sns
 
from tensorflow.keras import layers, models, callbacks
from tensorflow.keras.applications import EfficientNetB3
from tensorflow.keras.optimizers import Adam
 
from sklearn.metrics import classification_report, confusion_matrix
 
#  CONFIGURATION & DATA LOADING
# ==========================================
base_dir = r"/content/gdrive/MyDrive/PlantPathology_Split"
 
 
IMG_SIZE = (224,224)
BATCH_SIZE = 32
 
train_ds = tf.keras.utils.image_dataset_from_directory(
    os.path.join(base_dir,"train"),
    image_size=IMG_SIZE,
    batch_size=BATCH_SIZE,
    label_mode="int"
)
 
valid_ds = tf.keras.utils.image_dataset_from_directory(
    os.path.join(base_dir,"valid"),
    image_size=IMG_SIZE,
    batch_size=BATCH_SIZE,
    label_mode="int"
)
 
test_ds = tf.keras.utils.image_dataset_from_directory(
    os.path.join(base_dir,"test"),
    image_size=IMG_SIZE,
    batch_size=BATCH_SIZE,
    label_mode="int",
    shuffle=False
)
 
class_names = train_ds.class_names
num_classes = len(class_names)
 
#Explore dataset
print("Classes:")
print(class_names)
 
print("Number of Classes:", num_classes)
 
plt.figure(figsize=(10,10))
 
for images, labels in train_ds.take(1):
 
    for i in range(9):
 
        plt.subplot(3,3,i+1)
 
        plt.imshow(images[i].numpy().astype("uint8"))
 
        plt.title(class_names[labels[i]])
 
        plt.axis("off")
 
plt.show()
 
 # PERFORMANCE OPTIMIZATION
# ==========================================
# Autotune speeds up training by preparing the next batch while the current one is training
AUTOTUNE = tf.data.AUTOTUNE
train_ds = train_ds.prefetch(AUTOTUNE)
valid_ds = valid_ds.prefetch(AUTOTUNE)
test_ds = test_ds.prefetch(AUTOTUNE)
 
 # DATA AUGMENTATION
# ==========================================
# Artificially expands the dataset by randomly transforming training images
data_augmentation = models.Sequential([
    layers.RandomFlip("horizontal_and_vertical"),
    layers.RandomRotation(0.2),
    layers.RandomZoom(0.2),
], name="data_augmentation")
 
# MODEL 1 – Baseline CNN
 
# Build Baseline CNN Model
cnn_model = models.Sequential([
 
    layers.Rescaling(1./255, input_shape=(224,224,3)),
 
    data_augmentation,
 
    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")
 
])
 
cnn_model.summary()
 
#Compile
cnn_model.compile(
    optimizer="adam",
    loss="sparse_categorical_crossentropy",
    metrics=["accuracy"]
)
 
#Train
cnn_history = cnn_model.fit(
    train_ds,
    validation_data=valid_ds,
    epochs=10
)
 
#Evaluate
cnn_loss, cnn_accuracy = cnn_model.evaluate(test_ds)
 
print(f"CNN Test Accuracy : {cnn_accuracy:.4f}")
print(f"CNN Test Loss : {cnn_loss:.4f}")
 
plt.figure(figsize=(12,5))
 
plt.subplot(1,2,1)
plt.plot(cnn_history.history["accuracy"])
plt.plot(cnn_history.history["val_accuracy"])
plt.title("cnn Accuracy")
plt.xlabel("Epoch")
plt.ylabel("Accuracy")
plt.legend(["Train","Validation"])
 
plt.subplot(1,2,2)
plt.plot(cnn_history.history["loss"])
plt.plot(cnn_history.history["val_loss"])
plt.title("cnn loss")
plt.xlabel("Epoch")
plt.ylabel("Loss")
plt.legend(["Train","Validation"])
 
plt.show()
 
# MODEL 2 – EfficientNetB3
 
#  BASE MODEL SETUP (TRANSFER LEARNING)
# ==========================================
# Import EfficientNetB3 pre-trained on ImageNet
base_model = EfficientNetB3(
    weights='imagenet',
    include_top=False, # We drop the top layer because we have our own plant classes
    input_shape=IMG_SIZE + (3,)
)
 
# Freeze the base model so we don't destroy its pre-learned features initially
base_model.trainable = False
 
 
#  BUILD THE FINAL MODEL
# ==========================================
efficient_model = models.Sequential([
 
    layers.Input(shape=IMG_SIZE+(3,)),
    data_augmentation,
    base_model,
    layers.GlobalAveragePooling2D(),
    layers.Dropout(0.5),
    layers.Dense(num_classes,activation="softmax")
 
])
 
efficient_model.summary()
 
efficient_model.compile(
 
    optimizer=Adam(0.001),
 
    loss="sparse_categorical_crossentropy",
 
    metrics=["accuracy"]
 
)
 
early_stopping = callbacks.EarlyStopping(
 
    monitor="val_loss",
 
    patience=5,
 
    restore_best_weights=True
 
)
 
history_phase1 = efficient_model.fit(
 
    train_ds,
 
    validation_data=valid_ds,
 
    epochs=20,
 
    callbacks=[early_stopping]
 
)
 
base_model.trainable = True
 
for layer in base_model.layers[:-20]:
    layer.trainable = False
 
efficient_model.compile(
 
    optimizer=Adam(1e-4),
 
    loss="sparse_categorical_crossentropy",
 
    metrics=["accuracy"]
 
)
 
history_phase2 = efficient_model.fit(
 
    train_ds,
 
    validation_data=valid_ds,
 
    epochs=10,
 
    callbacks=[early_stopping]
 
)
 
# Evaluate
efficient_loss, efficient_accuracy = efficient_model.evaluate(test_ds)
 
print(f"EfficientNetB3 Accuracy: {efficient_accuracy:.4f}")
print(f"EfficientNetB3 Loss: {efficient_loss:.4f}")
 
#  CLASSIFICATION REPORT
y_true = np.concatenate([labels.numpy() for _, labels in test_ds])
 
predictions = efficient_model.predict(test_ds)
y_pred = np.argmax(predictions, axis=1)
 
print(classification_report(y_true, y_pred, target_names=class_names))
 
#  CONFUSION MATRIX
cm = confusion_matrix(y_true, y_pred)
 
plt.figure(figsize=(8,6))
 
sns.heatmap(
    cm,
    annot=True,
    fmt="d",
    cmap="Blues",
    xticklabels=class_names,
    yticklabels=class_names
)
 
plt.xlabel("Predicted")
plt.ylabel("Actual")
plt.title("Confusion Matrix")
 
plt.show()
 
#  SAMPLE PREDICTIONS
plt.figure(figsize=(12,12))
 
for images, labels in test_ds.take(1):
 
    predictions = efficient_model.predict(images)
    pred_labels = np.argmax(predictions, axis=1)
 
    for i in range(9):
 
        plt.subplot(3,3,i+1)
        plt.imshow(images[i].numpy().astype("uint8"))
 
        plt.title(
            f"Pred: {class_names[pred_labels[i]]}\nTrue: {class_names[labels[i]]}"
        )
 
        plt.axis("off")
 
plt.tight_layout()
plt.show()
 
efficient_model.save("EfficientNetB3_PlantDisease.keras")
 
print("Model Saved Successfully!")
 
# Comparison
 
#Compare Results
print("="*40)
print("MODEL COMPARISON")
print("="*40)
 
print(f"Baseline CNN Accuracy     : {baseline_accuracy:.4f}")
print(f"EfficientNetB3 Accuracy   : {efficient_accuracy:.4f}")
 
print(f"Baseline CNN Loss         : {baseline_loss:.4f}")
print(f"EfficientNetB3 Loss       : {efficient_loss:.4f}")
 
#Accuracy Comparison Plot
plt.figure(figsize=(6,4))
 
plt.bar(
    ["Baseline CNN","EfficientNetB3"],
    [baseline_accuracy, efficient_accuracy]
)
 
plt.ylabel("Accuracy")
plt.title("Accuracy Comparison")
 
plt.show()
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# Build Baseline CNN Hodel
cnn_model = models.Sequential ([

layers.Rescaling(1./255, input_shap:

data_augmentation,

layers.Conv2D (32,3, activation:

Layers.MaxPooling2D(),

layers.Conv2D (64,3, activation:

Layers.MaxPooling2D(),

layers.Flatten(),

relu”),

relu”),

layers.Dense (125, activation="relu"),

Layers.Dropout(2.5),

224,223,3)),

layers.Dense (num_classes, activation="softnax")

n

cnn_model. summary ()

Jusr/1ocal/1ib/python3.12/dist-packages/keras/src/layers/preprocessing/data_layer.py:95: Usertiarning

super()._init__(**kuargs)

Model: "sequenti
Layer (type) Output Shape Param #
rescaling (Rescaling) (one, 224, 224, 3) o
data_sugnentation (Sequential) | (lone, 224, 224, 3) o
convad (Convzn) (one, 222, 222, 32) 96
max_pooling2d (HaxPooling2) | (tone, 111, 111, 32) o
convd_1 (convan) (tone, 109, 109, 64) 1,49
max_pooling2d_1 (Maxooling2d) | (tone, 54, 54, 64) o
e PN -

Do not pass an “input_shape’/"input_dim’ argument to a layer. hhen using Sequential models, prefer using an "Input(shape)” object as the
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# 6. BUILD THE FINAL MODEL
#
efficient_model = models.Sequential([

layers. Input (shape=TNG_SIZE+(3,)),
data_augmentation,

base_model,

layers.GlobalAveragePooling2D() ,
layers.Dropout(2.5),

layers.Dense (num_classes, activation="softnax")

n
efficient_model.summary()

Model: "sequential 1"

Layer (type) Output Shape Paran #
data_sugnentation (Sequential) | (one, 224, 224, 3) o
efficientnetb3 (Functional) (one, 7, 7, 1536) 10,783,535
global_average_pooling2d (tone, 1536) o
(lobalaveragePooling2D)

dropout_1 (Dropout) (one, 1536) o
dense_2 (dense) (one, 12) 16,400

Total params: 10,501,579 (41.21 MB)
Trainable params: 15,444 (72.05 K8)
Non-trainable params: 10,783,535 (41.14 NB)
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#explore datazet
print("Classes:™)
print(class_nsmes)

print(*Nunber of Classes:", nus_classes)
plt.figure (Figsize=(10,10))
For inages, Lobels in train_ds.take(1):

for 1 in range(9):

Pt subplot(3,3,i41)
P Lnshou(tmages 1] numpy() .astype("uints"))
Pt title(closs _nones(lobels(11])
PLt.axs(ror)

plt.show()

Classes:
["complex', "frog_eye leaf_spot’, 'frog_eye_leaf_spot complex', ‘healthy’, ‘pondery_mildes’, ‘powdery_mildeu complex, 'rust’, ‘rust cosplex’, ‘rust frog_eye leaf spot
Humber of Classes: 12

complex

“scab, "scab frog_eye_leaf spot”, "scab frog_eye_leat_spot complex’]

complex scab frog_eye_leaf_spot

scab healthy healthy




