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Abstract— For agricultural output to continue rising, crop leaf diseases must be accurately
and promptly detected. In order to detect illnesses of the maize leaf, recent research focus on
utilizing deep learning (DL), machine learning (ML), and image processing approaches. Plant
disease classification typically uses deep learning techniques. Those based on convolutional
neural networks (CNN) are being employed more and more. This article evaluates the
effectiveness and performance of the CNN architecture for image classification tasks. When
it comes to identifying maize leaf disease, modified DL techniques outperform conventional
ML techniques in terms of performance. The paper also presents the comparison with the
reported work showing the accuracyof CNN model used in this work.

Keywords— CNN Model, Skip-Connected Convolutional Neural Network, Image
Classification, Corn Disease.

I. INTRODUCTION

Maize (Zea mays L) is one of the most significant cereal crop that is cultivated in a variety
of environmental circumstances throughout the world [1]. India is ranked fourth among the
170 countries that grow maize, but seventh in terms of production. It contributes roughly
4.6%and 2.4% of the world's total acreage and production respectively [2].

The majority of India's maize-growing regions are plagued by several common diseases,
including Maydis Leaf Blight (MLB)/Southern Corn Leaf Blight (SCLB), Turcicum Leaf
Blight (TLB)/Northern Corn Leaf Blight (NCLB), and Banded Leaf and Sheath Blight
(BLSB). NCLB, also known as Turcicum Leaf Blight TLB, is the most serious and
widespread disease infecting maize leaves worldwide, especially in India. NCLB is a fungal
disease of maize or corn and is caused by a fungus called Exserohilum turcicum [3]. The
fungus is active and growswell in cold to moderate temperatures and high relative humidity.
This disease initially affects lower leaves in favourable environmental conditions before
progressing upthe plant.

Southern Corn Leaf Blight also known as Maydis Leaf Blight is a fungal disease that the
plant pathogen causes thataffects maize. This disease is caused by the fungus Cochliobolus
heterostrophus (formerly known as Helminthosporium maydis). Tan to brown lesions is
typical initial sign of SCLB, which often begins at the lower leaves and moves upward. The
lesions may be shaped like a typical rectangle, and in the right circumstances, they may
combine to cause significant harm. It grows in humid, warm environments around the
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world [4, 5]. It can significantly reduce yield and quality of grains if left uncontrolled.

Banded leaf and sheath blight is caused by maize pathogen named basidiomycete fungus
Rhizoctonia solani, which is mostly prevalent in China, South Asia, and SouthEast Asia. It is
thought to be an emerging disease that causes anything from small losses to total crop
elimination. Additionally, diseased leaves dry out and die more quickly,and young tillers may
be lost.

Common Rust is caused by the fungus Puccinia Sorghi. Late-onset infections have very little
effect on yield. These are easily recognized and distinguished from other diseases because
they create dark, reddish-brown pustules (uredinia) on both the upper and bottom surfaces of
the corn leaves [5, 6, 7].

Considering the damage caused due to leaf diseases, accurate and timely diagnosis may be
essential for improving the yield and reducing the losses. Existing traditional disease
detection methods often rely on manual observation, which may lack the requisite speed and
precision required for large-scale farming operations. Moreover, inexperienced growers
frequently misjudge diseases, leading to improper pesticide usage, thereby negatively
impacting corn yield, quality, and the environment. A possible answer to these problems has
been offered recently by deep learning (DL), a subfield of artificial intelligence. A highly
accurate and effective solution for early detection is provided by the automated diagnosis of
crop leaf diseases using deep learning models specifically designed for corn disease
classification, which takes advantage of developments in deep learning techniques and
digital image processing technologies. Specifically, convolutional neural networks (CNNs)
have shown impressive performance in image-based tasks, which makes them a good fit for
deciphering the complex visual patterns linked to different corn illnesses. If this deeplearning
strategy is successful, it might greatly increase global food security concerns, advance
sustainability, and boost total agricultural production [8]. Keeping the challenges in mind,
we have designed a CNN based modelfor the detection of maize leaf.

The diseases focused in this work are Blight and Common Rust, which are most prevalent in
India [9] based on the literatures survey done. The general aim of this paperis to introduce
CNN approaches into classifying various types of maize leaf diseases (GLS, CR and LB),
and to predict the severities of the same. A CNN model has been designed to predict the
severities of the maize leaf diseases.

II. LITERATURE SURVEY

A lot of study has been done for predicting the diseasesin the corn leaf. Deep learning which
is a branch of machine learning has been used in most of the prediction techniques[10, 11].
Several deep learning techniques exist in the literature, out of which, Convolutional
Neural Networks (CNNs) were most often utilized.

The use of EfficientNet deep learning model for the classification of leaf diseases in maize
was proposed by M. Cakmak [12]. The model was trained using the maize leaf disease
dataset. 4188 images were used for the original dataset and 6176 images for the augmented
dataset. The diseases studied were common rust, gray leaf spot, and leafblight. The proposed
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model was then compared with ResNet50, Dense-Net121, VGG19 and Inception V3 models
based on their accuracy, sensitivity, F1-Score and precision values. The EfficientNet B6
model achieved 98.10% accuracy on the original dataset, while on theaugmented dataset, the
EfficientNet B3 model achieved thehighest accuracy of 99.66%.

Another study by Rai and Phuja [13] investigated a real-time method for segmentation and
identification of NLB illnesses using a deep learning-based Attention U-Net model. Data
augmentation was done to improve the model'sefficacy following image annotation. After the
model was trained for a maximum of 50 epochs with Adam serving asthe optimizer and an
initial learning rate of 0.0001, its performance was assessed on the test dataset. With
corresponding Intersection over Union (IoU) values of 72.41%, 70.91%, and 51.95%, the
Attention U-Net model outperformed the Res U-Net and Plain U-Net image segmentation
algorithms, according to the study. Pixel by pixel, the proposed model achieves an average
F1 score 0f85.23%.

In one such study, the diagnosis of illnesses in maize plants was done using deep
convolutional neural networks [14]. The three distinct but prevalent types of maize
diseases—Ieaf blight, common rust, and gray leaf spot— were captured in 4,988 images by
the authors. Thirteen different pre-trained CNN models (Xception, Shuf-flenet, Resnet-18,
Resnet-50, Resnet-101, Alexnet, Densenet201,Googlenet, Incep-tionresnetV2,

InceptionV3, MobilenetV2, VGG-16, VGG-19, and Resnet-18) were used to test and
train all of these photos. The models were evaluated based on sever-al metrics, including
MCC, Kappa, F1 Score, accuracy, specificity, precision, and False Positive Rate. Comparing
the models for the diseases listed, the results show that Densenet201 has the highest
accuracy and the lowest False Positive Rate (FPR) whereasVGG-19 has the highest.

A multi-model network including multi-contextual networks was created by Rashid et al.
[15] and is automatically exploited with CNN methods in many variation forms. In terms
of accuracy, MMFNet using fused features outperformed MMFNet without fused feature
approach. It was possible to achieve an overall accuracy 0f 99.23% since the datasets used
for training were varied.

Utilizing a collection of corn leaf photos from farmers' fields in the Madura Region, the
authors developed a classification system utilizing the CNN method with four target classes:
healthy, gray leaf spot, blight, and common rust. Several CNN architectural models,
including SqueezeNet, AlexNet, ResNet-101, ResNet-50, and ResNet-18, were used for
testing. The parameters included a data distribution of 70% for training data and 30% for
testing data, five epochs with 100 iterations, and a learning rate of 0.0001 utilizing Adam
optimization. A very good accuracy rating of 95.59% is obtained in the test results for
categorizing corn photos using the Convolutional Neural Network approach with the
ResNet-50 architecture [16].

For the detection of corn leaf disease, Ashwini and Sellam [17] proposed a hybrid model
named Whale Optimization Algorithm with Joint Search Mechanisms JSWOA) optimized
hybrid 3DCNN-RNN model. For enhancing the identification of 3-Dimensional images,
3DCNN includes Four MaxPooling3D layers and six 3D convolutional layers. Two datasets
used were Maize_in_field, and KaraAgro Al. According to the resultsof the simulation, the
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suggested hybrid model predicts dif- ferent classes of maize leaves on both datasets with a
performance level above 90%.

Olayiwola and Adejoju [18] used a deep learning model called Keras on TensorFlow based
on a CNN to classify three common diseases of maize leaves: leaf spot, common rust, and
leaf blight. All the four classes were precisely identified and the accuracy was 98.56%.to
reduce overfitting. This promotes feature redundancyand improves model generalization.

(c) (d)
Fig. 1: Corn leaf images (a) Healthy (b) Gray Leaf Spot (c)Common rust (d) Blight.

1. DATASET

At every stage of object recognition research, from the training phase to assessing the
effectiveness of recognition algorithms, a suitable dataset is necessary. A total of 4188
Images have been gathered from various sources. Which are separated into four groups.
There are four categories: one for healthy leaves and the others for blight, grey leaf spot, and
common rust.

1Iv. IMPLEMENTATION
A. CNN

A simple CNN design often starts with an input layer that represents raw data, such as
photographs, and each pixel functions as a neuron. It is followed by convolutional layers
made up of numerous filters or kernels, each of which performs convolutions on limited
portions of the input data to extract certain features. The receptive field of feature maps and
activation functions like ReLU introduce non-linearity to enable complex feature
representations, while weight sharing and parameter sharing ensurecomputational efficiency
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and enable the network to learn spatial hierarchies of features, followed by pooling layers,
such as max pooling or average pooling. This involves systematically down sampling
feature maps to reduce spatial dimensions, capturing essential information while reducing
computational load and improving translation invariance. It is frequently combined with
techniques suchas batch normalization to stabilize learning by normalizingactivations within
each minibatch. Dropout layers deactivate a fraction of neurons randomly during training
The architecture also incorporates fully integrated connected layers that flatten high-
dimensional feature maps into vectors and provide predictions by performing computations
with weights and bias. The output layer typically consists of a softmax function for multi-
class classification ~ problems, offering  probability distributions over class labels, or a
sigmoid function for binary classification tasks, generating probabilities of belonging to
each class. It is supported by optimization algorithms such as stochastic gradient descent
(SGD) variants, Adam, or RMS prop, which iteratively update network parameters based
on gradients computed through backpropagation. Hyperparameters such as learning rate,
momentum, and weight decay are refined using methods such as grid search or random
search to optimize model performance and convergence, and architectural variations include
deeper networks with increased depth and width. By enabling tasks likeautonomous driving,
facial recognition, and disease diagnosis, this forms the foundation for a plethora of
advanced architectures that are customized for particular tasks and domains, ranging from
image classification and object detection to natural language processing and medical

imaging. This highlights the profound significance and continuous evolution of
CNNss within the field of machine learning and artificial intelligence [19].

Algorithm:

Inputs:-

num_classes: Number of classes/categories in the dataset. input_shape: Shape of the input
images (height, width,channels).

data_path: Path to the dataset containing all classes. batch_size: Number of images to be
processed in a singlebatch.

img_size: Target size to which images are resized (height,width).

num_epochs: Number of epochs for training. learning_rate: Learning rate for the optimizer.
random_state: Seed for random number generators toensure reproducibility.

train_size: Proportion of the dataset used for training. val_size: Proportion of the remaining
dataset used forvalidation.

callbacks: Custom callback function to monitor trainingand apply certain actions (e.g.,
early stopping).

Output:

Trained CNN model

Plot of training and validation metrics Validation loss and accuracy
Test loss and accuracy.

Confusion matrix and Classification report.
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Step 1: Data Preprocessingl.oad and organize dataset
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Split dataset into training, validation, and test sets. Initialize data generators: Create data
generators fortraining, validation, and testing without data augmentation.

Step 2: Model Architecture

Construct a Sequential model with the following layers: Convolutional layer with 32 filters,
3x3 kernel size, ReLUactivation, and input shape.

MaxPooling layer with 2x2 pool size. Repeat the above layers with 64 filter size.

Flatten layer to convert 2D matrix data to a vector.

Fully connected Dense layer with 64 neurons and ReLUactivation.

Output Dense layer with softmax activation having thenumber of neurons equal to
num_classes.

Step 3: Model Compilation and Training

- Compile the model using the Adamax optimizer andcategorical crossentropy loss.
- Train the model for a maximum of 4 epochs with earlystopping based on validation
accuracy.

Step 4: Plot Training and Validation Metrics
- Plot training and validation loss and accuracy over epochswith annotations for the best
epoch.

Step 5: Model Evaluation on Test Set
- Evaluate the model on the test set to compute test loss,accuracy, and additional
metrics.

Step 6: Create Confusion Matrix and Classification Report:
- Generate the confusion matrix and classification reportusing the model's predictions
on the test set.

Step 7: End.

The loss and accuracy have been calculated through somestandard formulas listed below
process was conducted to determine the optimal number ofdense units, dropout rates, and
learning rates.

The provided TensorFlow code implements a CNN architecture for image classification
tasks, with hyperparameters including num_classes set to 4 for the number of classes in the
dataset, input_shape defining the dimensions of input images (256x256 pixels with 3 color
channels), and learning rate assigned as 0.01 for the Adamoptimizer. The CNN architecture
comprises four convolutional layers with filter sizes 32, 64, 64, and 64, each followed by
ReLU activation functions. After each convolutional layer, max pooling layers with a pool
size of (2, 2) are applied for downsampling. Following the convolutional layers, the flattened
output is passed through a fully connected dense layer consisting of 64 units with ReLU
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activation, and a dropout layer to prevent overfitting. Finally, the output layer with
num_classes units and softmax activation is employed for multi-class classification.

The experiments were conducted for 4 epochs using Anaconda and Jupyter Notebook on an
Intel Core i3 CPU operating at 1.80 GHz. The evaluation focused on precision, recall, F1-
scores, and overall model correctness.

Table 1 presents the performance metrics for the CNN architecture. Additionally, Fig. 2 and
3 illustrates the training and validation loss and accuracy graph for the CNN model

respectively. Fig. 4 displays the confusion matrix for the CNN model.

Table 1. Performance Parameters for CNN Model

Tp+T
1. Accuracy = ptin
Tp+Tn+Fp+Fn
__TIp
2. Recall =
Tp+Fn
.. _ T
3. Precision = —&
Tp+Fp
4 F1 Scom—zbéllﬁecisioanecall
Precision+Recall
Precision | Recall F1 Support
rate score
Blight 0.80 0.77 0.78 86
Common rust 0.94 0.91 0.92 98
Grey Leaf 0.58 0.67 0.62 43
Spot
Healthy 0.98 0.97 0.97 38
Accuracy 0.85 315
Macro avg 0.82 0.83 0.82 315
Weighted avg 0.86 0.85 0.86 315

where T, is true positive, T, is true negative, F;, is false positive, and F, is false negative.

v. RESULTS AND ANALYSIS

The advancement of deep learning techniques has significantly improved image
classification tasks, leading to substantial gains in accuracy and efficiency. To optimize the
performance of the models, an extensive optimization
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Diseases No. of ML/DL Accurac
diagnosed Dataset | image | Technique y
S s used obtained

Maydis
Leaf
Blight,
Turcicum
Leaf
Blight,
Banded
Leaf and
Sheath
Blight,
&Healthy
leaves
Healthy
Leaf,
Cercospora | Mohanty
, Northern plant 200 AlexNet
leaf blight, village
Common
rust
Healthy Plant Model
leaf, village, based on
Common Corn . 88.46%
. 4382 realtime
rust, plantation deep [7]
Northern s in the Jearning
leaf blight Raebareli
Healthy, Kaggle 4188 CNN 95.23%
Gray Leaf (Commo
Spot, n Rust)
Common 88.89%
rust, Blight (Gray
Leaf
(This Spot)
Work) 88.23%
(Blight)

ICAR- Inception-
IIMR, 5939 v3_flattenf
Ludhiana c

95.42%
(2]

93.5%
(3]

Table 2. Comparison of our CNN Model with previous work

From Table 1, it can be observed that the precision rate is more for Common Rust compared
to leaf blight and grey leaf spot using the CNN model. F1 score is also high in case of
Common rust disease. Table 2. shows the comparison of our CNN Model with previous
work. From the table it can be observed that the CNN model outperforms other reported
model having almost same number of datasets anddiseases as in our work.

VL. CONCLUSION

Considering the agricultural benefits of maize and its use as a main source of food, we have
developed a CNN model for predicting the common diseases in maize plant. The diseases
studied include grey leaf spot, common rust and blight. This is necessary as the diseases
results in lower productivity of the crop resulting in food shortage also. Wehave calculated
the performance of the model using several parameters including accuracy, precision, F1
score and loss. The proposed model shows better accuracy compared to model using
approximately same number of datasets. Future work may include comparing the model
with more diseases increasing the number of datasets.
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