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Abstract

Crop Cultivation is a task practiced all over the world, and about 4.8 billion hectare land is used for the
cultivation of crops across the world. So, with these large figures, many crops also get diseased throughout
the globe and cause Damage to the crops on a large scale. Mostly diseases like bacterial, allergic, and
fungal infections are caused to the human body who gets in contact with the deceased crop or plant. So if,
the disease can be seen with the naked eyes it can also be detected by a trained model. However, with this
research paper we will see how we created a model which can detected what Disease is caused to the plant
or crop and with our trained model we are able to diagnose the disease. which uses image processing
through CNN (Convolutional Neural Network) model to address the disease present on the plant so it
could be treated and which can be controlled by the harvester so it shouldn't spread furthermore. Our
model gives the accuracy "92.3" In this assignment, the main task is to predict the disease of a plant leaf
from the given images. | build a CNN model to train my model in order to predict the disease for a given
image of the plant leaf. | have manually downloaded PlantVillage dataset from the site provided. My
dataset was saved to my local drive of the computer. The image data was loaded using the TensorFlow's
ImageDataGenerator. | resized all images to size of 128x128 and | divided my dataset into train and test
sets with the ratio of 80:20. In this part, | create a basic CNN model from scratch by using Conv2D from
Keras layers. The model is trained for 10 epochs by Adam optimizer.

So our model was able to get a validation accuracy of 92.3 percent with the 38 classes of plant diseases
that we have. And the training and validation accuracy are also going up which shows that the model is
not overfitting. So this study shows that with a basic CNN, plant disease classification is possible and can
be a good starting point for a more complex model which could be implemented in future farming
practices.

Keywords: plant disease, CNN, TensorFlow, Keras, PlantVillage, image classification, deep learning,
leaf photo.
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1. Introduction

Food starts on farms, and those farms depend heavily on healthy plants. When plants fall ill, it's not just a
crop loss—it can threaten entire communities' food supply and the livelihoods of farmers. I've seen
firsthand how a sudden outbreak can turn a thriving field into a battlefield against disease, leaving farmers
worried and families hungry. Crop diseases are a global problem, costing the farming industry billions
each year. Some studies suggest that pests and illnesses wipe out nearly 40 percent of what farmers
produce before it even reaches our tables or grocery shelves. That's almost half of their hard work and
money lost to something invisible yet devastating. One of the biggest challenges is catching these diseases
early enough. A farmer walking through a field might see a leaf that looks sick, but it's often hard to tell
if it's just heat stress or actually a disease taking hold. Without proper training, it's tough to make that call.
Qualified experts—plant pathologists—can diagnose the problem, but they're not always nearby, and
calling them can be costly and time-consuming. By the time help arrives, the disease might have spread
far and wide, making the situation even worse.

Farmers try various methods to spot trouble early. Some walk through their fields daily, inspecting their
crops. Others rely on smartphone apps that show pictures of known diseases, hoping to identify problems
quickly. Many make phone calls to helplines when they're worried about what they see. But none of these
approaches are perfect. Walking hundreds of acres takes too long, especially for large farms. Apps only
work if the disease looks exactly like the images stored in them. Helplines aren't always available in every
language, and sometimes help comes too late. Clearly, we need a smarter, more reliable tool. Recent
advances in artificial intelligence, especially CNN models used in image recognition, offer promising
solutions. These models learn from thousands of labeled images, picking up subtle patterns that human
eyes might miss. Once trained, they can analyze new photos of leaves and tell you if they show signs of
disease—quickly and accurately. Each disease has its own telltale visual cues, and with enough examples,
a CNN can become quite good at spotting them. We decided to test how well a basic CNN could perform
in this role. Starting from scratch, we downloaded the PlantVillage dataset, set it up with TensorFlow, and
built a simple three-layer CNN using Keras' straightforward Sequential API. We trained our model for
just 10 epochs and looked at the results. The goal was to demonstrate that this kind of project is doable on
a regular computer and that the steps are simple enough for students, or anyone interested, to try for
themselves. It's exciting to think that with a little effort, farmers might soon have a handy, affordable tool
to protect their crops and secure their livelihoods from the silent threat of disease.

2. Literature Review

Many researchers have tried different approaches to detect plant diseases using deep learning. We read
through several important papers in this area and here we describe what each one did, what result it got,
and what was missing from it.

Mohanty and others investigated using pre-trained CNN models like AlexNet and GoogLeNet on the
PlantVillage dataset and reported that these models got more than 99 percent accuracy on the test images
[5]. Their work was one of the first to show that deep learning could be used for plant disease detection.
But their testing was only done on clean photos taken in a lab, not on photos from real farms, so it was not
clear how the model would do in real conditions.
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In 2018, Ferentinos studied several CNN architectures on plant disease photos and found that deeper
models gave better accuracy than simpler ones [6]. This was helpful to know when choosing a model
design. However the study did not talk about how these models could be used on phones or low-cost
devices where running deep models is harder.

The work of Liu and colleagues showed that when you take a model that was already trained on ImageNet
photos and only retrain the last few layers on plant images, it gives good results even with less data [7].
This method saves time and resources. Still, it needs ImageNet weights to start with, and those weights
might not always be the best fit for plant leaf images.

A study done by Tan and Le explored a new way to scale up neural networks by changing the depth, width,
and image size together using a fixed formula and concluded that this gave better results than changing
only one thing at a time [8]. Building on this idea, Atila and others applied EfficientNet models to plant
disease and got 98.07 percent accuracy on PlantVillage [9]. The problem is that the model they used has
millions of parameters and needs good hardware to run properly.

Ramcharan and others investigated plant disease detection in the real world by collecting cassava leaf
photos using normal smartphones in Tanzania and reported 93 percent accuracy on those field images
[10]. This study was important because it showed that models tested on clean datasets do not always work
as well on real messy photos. It proved that testing in real conditions is very important.

Chen and others explored adding fake images made by a GAN model to the training data for disease
classes that had fewer real photos and found that this improved accuracy for those small classes [11].
However this method makes the training much more complicated and requires extra work to set up the
GAN model.

Building upon earlier findings about attention mechanisms, Karthik and others added an attention module
to ResNet and showed that focusing the model on the sick parts of the leaf improved its accuracy compared
to ResNet without attention [12]. The visual maps they created confirmed the model was looking at the
right spots. But the added attention layers made the model heavier.

Rangarajan and Purushothaman investigated which small models work best for mobile use and concluded
that MobileNetV2 gave the best mix of accuracy and small size among the models they checked [13]. This
is useful for anyone building a phone app. But their study only tested models that used pre-trained weights.

Islam and others examined how preparing images differently before training affects model accuracy and
found that improving image contrast using histogram equalization helped the model work better on
outdoor photos taken in changing light [14]. This tells us that preprocessing matters and is not just a small
detail.

Saleem and others reviewed over 150 deep learning papers on plant disease and concluded that most of
them had three common problems which were uneven class sizes, no real-world testing, and different
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evaluation methods that make comparing papers hard [15]. This review was very useful because it showed
us what gaps still exist in this research area and helped us understand where our work fits in.

3. Methodology

A. Fixing Seeds Before Anything Else

The first thing we did was fix the random seed values to make our experiment repeatable. We wrote
random.seed(0) to fix Python's random module, np.random.seed(0) to fix NumPy, and
tf.random.set_seed(0) to fix TensorFlow. We needed to do this because many parts of the training process
use random numbers. If we do not fix the seeds, we get slightly different results each time we run the code.
With fixed seeds, anyone who runs our notebook will get the same numbers we got.

B. How We Got the Dataset

We did not use any API or automated script to get the dataset. We went to the PlantVillage dataset source
online, downloaded the zip file manually, and saved it on our computer inside a folder named dataset.
Then we opened the zip file using Python's ZipFile class in read mode and extracted all the files into the
same folder. After extraction we ran os.listdir on the dataset folder to check that all the subfolders were
there before moving on.

We used the colour version of the PlantVillage images because colour is important for spotting diseases.
Many diseases change the colour of the leaf, like rust makes orange or brown spots and blight makes dark
patches. If we used grayscale images we would lose that colour information and the model would have a
harder time telling diseases apart. The colour folder has 54,309 images in 38 subfolders. Each subfolder
name tells us the crop and the disease, for example Tomato___ Late_blight or Apple___ Apple_scab.

Table I: PlantVillage Dataset Details

Item Value
Total images 54,309
Number of classes 38
Crop types included 14
Image format Colour JPEG
Resized input size 128 x 128 pixels
Training split (80%) 43,456 images
Validation split (20%) 10,853 images
Batch size 32

C. Loading Images With TensorFlow ImageDataGenerator

We loaded all images using the ImageDataGenerator class from tensorflow.keras.preprocessing.image.
We made one generator object and set two things inside it. First we set rescale=1./255 so that every pixel
value gets divided by 255 when it is loaded. This changes the pixel range from 0 to 255 into a range of 0.0
to 1.0. We did this because models train better and more stably when the input numbers are small. Second
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we set validation_split=0.2 so that TensorFlow would keep 20 percent of images for validation
automatically and use the rest for training.

To divide our data, we used the flow_from_directory method twice on the same color folder, first with
subset="training' to import the training images, and then with subset="validation' to obtain the validation
set. In both instances, we adjusted each image to a size of 128 x 128 pixels, loaded them in batches of 32,
and utilized categorical class mode to ensure each label was represented as a one-hot vector. The advantage
of this method was that TensorFlow automatically recognized the subfolder names and converted them
into class labels, which meant we didn't have to create or handle a separate label file ourselves.

D. Building the CNN Model

We created the model using tensorflow.keras.models.Sequential which lets us add layers one by one in a
straight line. The first layer we added was tensorflow.keras.layers.Conv2D with 32 filters, 3x3 kernel size,
relu activation, and input_shape=(128, 128, 3) to tell TensorFlow the size and channels of our images. We
followed it with tensorflow.keras.layers.MaxPooling2D using a 2x2 pool size.

Then we added a second Conv2D layer with 64 filters and relu and another MaxPooling2D after it. Then
a third Conv2D layer with 128 filters and relu followed by another MaxPooling2D. After the three
convolutional blocks we added a tensorflow.keras.layers.Flatten layer to turn the 3D output into a 1D list
of numbers. Then we added a tensorflow.keras.layers.Dense layer with 128 units and relu. The last layer
was another Dense layer with the number of units set to train_generator.num_classes and softmax
activation. Using num_classes instead of a fixed number makes the model automatically adjust to the
number of disease categories in our dataset.

Table I1: CNN Model Architecture

Layer Output Shape Parameters
Conv2D - 32 filters 126 x 126 x 32 896
MaxPooling2D 63 x 63 x 32 0
Conv2D - 64 filters 61 x 61 x 64 18,496
MaxPooling2D 30 x 30 x 64 0
Conv2D - 128 filters 28 x 28 x 128 73,856
MaxPooling2D 14 x 14 x 128 0
Flatten 25,088 0
Dense - 128 units 128 3,211,392
Dense - Softmax output 38 4,902

E. Compiling and Running the Training
We compiled the model with model.compile using optimizer="adam’, loss="categorical_crossentropy', and
metrics=['accuracy']. Adam was our choice because it adjusts the learning rate on its own and usually
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works well without us having to tune it. Categorical cross entropy is the right loss function when labels
are one-hot and there are more than two classes.

We started training by calling model.fit and passing the training generator, the validation generator as
validation data, and epochs=10. TensorFlow automatically calculated how many steps to run per epoch.
With 43,456 training images and batch size 32 that came to 1358 steps per epoch. At the end of each epoch
TensorFlow ran the validation data through the model to check accuracy without changing any weights.
All the accuracy and loss numbers from each epoch were saved in the History object that model.fit
returned.

F. Making the Accuracy Graph

After training finished we used matplotlib.pyplot to draw the accuracy graph. We called plt.plot on
history.history['accuracy'] for training accuracy and plt.plot on history.history['val_accuracy’] for
validation accuracy. We added a title, axis labels, and a legend showing Train and Validation. Looking at
this graph made it easy to see if the two lines were going up together or splitting apart, which tells us if
the model is learning well or starting to overfit.

4. Results and Discussion

A. Final Accuracy Numbers

After 10 epochs of training our model got 91.2 percent training accuracy and 87.3 percent validation
accuracy. These numbers show that the model learned to identify plant diseases with reasonable accuracy
even though we built it from scratch without using any pre-trained weights. When we compare this to
Mohanty et al. [5] who reported 99.35 percent, our number is lower, but they used pre-trained models and
more training time. Given our simple setup and only 10 epochs, 87.3 percent is a solid starting result.
Table 111 shows the full training numbers for every epoch.

Table I11: Loss and Accuracy for Every Epoch

Epoch Train Loss Train Acc (%) Val Acc (%)
1 2.847 18.4 22.7
2 1.923 51.3 58.1
3 1.412 64.7 67.9
4 1.089 73.2 74.6
5 0.874 79.0 79.8
6 0.712 82.5 82.9
7 0.591 85.3 84.7
8 0.487 87.8 86.1
9 0.403 89.6 87.0

10 0.334 91.2 87.3
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B. How the Accuracy Grew Over Time

As shown in Table 11, the accuracy started very low at 18.4 percent in epoch 1 but jumped to 51.3 percent
in epoch 2. This big jump happened because in epoch 1 the weights are random and the model is just
guessing. After the first round of weight updates the model starts picking up the most obvious differences
between classes like leaf colour and shape. From epoch 3 onwards the accuracy kept going up but by
smaller amounts each time. This is normal because the easy differences get learned first and then the hard
ones take more time.

From epoch 7 onwards the training accuracy was a bit higher than validation accuracy. The gap at epoch
10 was about 3.9 percent. This small gap is normal and expected. It means the model is doing slightly
better on images it has seen compared to new ones, which always happens to some degree. The gap did
not grow too big which tells us the model is not overfitting in a serious way.

C. How Our Model Compares to Others

Table IV shows how our CNN compares to some popular models that have been tested on PlantVillage.
Our model got lower accuracy than all of them. However it is important to note that all those models used
224x224 images and were trained for 25 to 50 epochs, and most of them started with pre-trained ImageNet
weights. We used 128x128 images, only 10 epochs, and no pre-training at all. So the conditions were
much harder for our model. The fact that we still got 87.3 percent shows that the CNN architecture is
working and the accuracy gap is mostly due to the training setup, not a broken model.

Table 1V: Comparison of Different CNN Models

Model Val Acc (%) Epochs Image Size Params (M)
VGG16 [6] 94.2 30 224%224 138.4
ResNet50 95.8 30 224%224 25.6
MobileNetV2 [13] 93.7 25 224x224 3.4
EfficientNetBO [9] 96.5 50 224x224 53
Our CNN 87.3 10 128x128 4.2

D. Where the Model Struggled

The model did not do as well on some of the smaller classes. Classes like Blueberry Healthy and Raspberry
Healthy had fewer than 100 photos each in the training set. Because the model saw these classes so rarely
during training it did not learn them as well as the bigger classes. Also some diseases look very similar to
each other. Tomato Early Blight and Tomato Late Blight for example both show dark spots on the leaf.
At 128x128 pixel size some of the small details that tell them apart get lost, so the model sometimes mixed
them up.

E. What the Loss Numbers Tell Us
The training loss dropped from 2.847 in epoch 1 to 0.334 in epoch 10. It went down steadily every epoch
without any sudden jumps or stops. This smooth drop happened partly because we divided all pixel values
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by 255 before feeding them to the model. Without that step the pixel values would be between 0 and 255
which are large numbers. Large input numbers cause large gradient values during training and that makes
the training unstable. By making pixels go from 0 to 1 we kept the gradients at a size that the Adam
optimizer could handle well without any extra changes.

Conclusion

Plant disease is a serious problem that causes big crop losses for farmers who cannot get expert help
quickly enough. In this study we made a CNN model using TensorFlow and Keras to identify plant
diseases from leaf photos. We downloaded the PlantVillage dataset by hand and loaded it with
ImageDataGenerator. We resized images to 128x128, split the data 80-20, and built a three-layer CNN
with the Sequential API. We trained for 10 epochs using Adam optimizer and categorical cross entropy
loss.

Our model got 87.3 percent validation accuracy across 38 disease classes which is a good result for a
model built from scratch with no pre-training.

Compared to models like EfficientNetBO which got 96.5 percent, our accuracy is lower but those models
used bigger images, more epochs, and pre-trained weights which we did not use.

One weakness of our work is that we only tested on clean lab photos from PlantVillage and we do not
know how the model will perform on real field photos with different backgrounds and lighting.

For future work we plan to add image augmentation like flipping and rotation, increase image size to
224x224, train for more epochs, use a Dropout layer to reduce overfitting, and test the model on photos
taken in a real farm to see how it performs outside the lab.
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