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Abstract

Wheat, a staple crop for a significant chunk of the universal inhabitants, suffers substantial yield
deprivation due to various diseases. Wheat leaf disease identification play noteworthy part in
early detection and control the disease. The effective and efficient wheat leaf disease detection
depends on clean and good quality wheat leaf image data set. In this study we assess the impact
of pre-processing and augmentation approaches on wheat leaf images in convolutional neural
architecture. We also analyse the data enhancement technique such as data augmentation and
parameter optimization. All experimental work were validate using a k- layer (here k is 4)
cross-validation to check the stability of model. K-layer (set) approach helps us to build a more
real time based model. Validation accuracy and test accuracy shown here of all models used in
our experimental work. The result suggest the most CNN performs better when we use original
plus pre-process images. The impact of data augmentation on wheat leaf images also enhance
the model accuracy. In terms of validation and test, both cases accuracy increases Alex Net and
Inception V3 CNN models shows the enhanced accuracy in this paper.

Keywords—Machine Learning (ML), Convolutional Neural Network (CNN), Deep
Learning(DL), Pattern Recognition(PR), Artifical Neural Network (ANN).

1. INTRODUCTION

This Wheat is an essential cereal crop, accounting for a significant portion of global calorie
consumption. However, wheat production faces a major threat from various diseases that can
remarkable reduce yields. Early and accurate detection of these diseases is vital for
implementing timely control strategies and minimizing crop losses. Classical way for disease
detection often rely on manual scouting by trained personnel, which can be time-consuming,
subjective, and labour-intensive.

Recent advancements in computer vision and image processing offer promising solutions for
automated disease detection in wheat. This research investigates the use of image
segmentation techniques for analysing wheat leaf images. Image segmentation refers to the
process of separating an image into diverse regions that correlate with specific objects or
features. In this context, segmentation aims to isolate the diseased areas of the wheat leaf from
the healthy background tissue. By effectively segmenting the diseased regions, the proposed
approach facilitates the subsequent classification of wheat leaves as healthy or diseased. This
paves the way for the implementation of automated disease monitoring systems it can deployed
in precision agriculture practices. These systems can continuously monitor wheat fields for the
presence of diseases, enabling farmers to take prompt action and minimize crop losses.
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The consolidation of DL in plant disease diagnosis has fundamentally reshaped expert analysis
and decision-making processes [6]. In this particular study, researchers employed Convo-
Neural Networks (CNNs) as the foundational deep learning method. CNNs are word wide
known for their competence in handling complex tasks and leveraging large datasets for
pattern recognition applications. For instance, Lee et al.'s research showcases CNN's ability to
automatically identify plants based on leaf images. This paper shows the importance of pre-
processing and data augmentation on image dataset. Four CNN architectures were used for
performance evaluation, these CCN based architectures were trained from initials. Main
endowments of this paper are: (i) an evaluation of the efficiency of CNN models used here on
prepressed image data set and non-pre-processed images; (ii) an investigation of these CNNs
model accuracy on augmented data set;(iii) an inves- tigation of test accuracy of CNN models
who performs well.

Moreover, a narrative addition of this research is an evaluation of impact of pre-processing
technique build on image enhancement when contrast with computer-aided diagnosis of self-
immune diseases without pre-processing. The outcome seen here for the image dataset, the
maximum CNNs architecture work finest when trained with pre-processing, and the highest
performance achieved with original plus back removal pre-process images and when
combined with data augmentation. Our outcomes are nearby to those of a modern classification
methods shows in the literature for the artificial intelligence based classification. We assume
that the research work shown in this paper can be help-out farmers and plant researchers to
choose an appropriate methods for cleaning their dataset and classification and this tends to
gain finest result on image based dataset.

The rest of my research paper is classify as follows: Segment 2 shows the related work; Segment
3 shows methodology concepts and work flow; Segment 4 shows and explain the outcomes;
and at the last, conclusions work are described in the segment Section 5.

2. LITRATURE WORK
An easy S. Abed et al.,, [1] author more emphasis on enhance the quality of images tends to get
more efficient result.
P. Karthikeya, Ganesh S. [2] shows how plant disease detection play important role in
agriculture sector. With the help of hybrid approach we can get best accuracy algorithm to
detect the plant disease.
D. A, et. al.[4] authors suggest different computer vision and machine learning methods that
will help to classify wheat leaf diseases. Author suggested the best accuracy model after analysis
the performance of different machine learning algorithm.
N. Ganatra and A.Patel [11] author reviewed some advanced machine learning based paper that
shows the various classification and plant leaf disease detection algorithm. In this paper the
color and texture based classification algorithm proposed.The pros and cons of segmentation
technique also shows the paper.
R. and S [18] here author analgise leaf detection methods based on SVM algorithm and neural
network .Authors also shows the comparative analytical study of these algorithm.
Rothe.P. and K.R.V. [19] authors cotton crop bacterial and fungal diseases that occur time to
time were the main focus in paper. To identify these diseases the RGB based computer vision
techniques were shown the paper.
Hong. X. Dong [20] Here authors suggest an segmentation based approach that will help-out for
the classification of wheat leaf diseases and it will also indicate the detection of major leaf
diseases.
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3. METHODOLOGY

This section explain the proposed architecture in detail. Section 3.1 shows abstract view of the
proposed method and rest of sub point’'s shows data pre-processing and image data
augmentation. The proposed CNN based model shows to improve the training set of wheat leaf
images with pre-processing and augmenting the images. In the proposed methods here, we
prepossess and augmented the wheat leaf images. The wheat leaf image here we use keggle and
nearby farm area of Moradabad (U.P), INDIA. Pre-processing is the important steps to clean the
images, in proposed methods we uses various prepossessed methods to clean the images like
background removal, denoising, contrast and deburring. Pre-processed methods apply to clean
the data set that will certainly improve our wheat leaf image dataset. We also apply the data
augmentation methods like rotating and flipping apply on wheat leaf images. With augmenting
methods, we increase our data set that will used to improve the training and testing set.

3.1 PROPOSED ARCHITECTURE

IMAGE PREPROCESSING

background removal, |.
M —

DATASET DIVEDED INTO TRAINING 4-LAYER
(4-LAYER VALIDATION) VALIDATION
AND TESTING

lnception-vBl
_—
Layer1 | layer2 Layer3 Layerd VGG-16
| ResNet-50 I
Test I

Layerl L 2 L 3
WHEAT IMAGE DATA SET ayer. ayer: Layerd
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Fig 1: Proposed architecture diagram

Here we also further analyse the training the testing speed and image quality after pre-process,
data augmentation with four layers CNN methods. Here we use AlexNet(Googlenet) ,Inception-
v3,VGG-16 and ResNet-50 neural network based model for shown the impact of pre-processing
and augmentation .

3.2 DATA PREPROCESSING

Pre-processing wheat leaf images is essential for accurate classification task like heathy,
diseased image application. Image quality significantly improve the results, so different pre-
rocessing techniques are practised to make better image quality. In this segment, we shows the
some pre-processing methods that apply on original wheat leaf images.

The images were resized to the 224 x 224 dimensions permissible for input into the CNN
models utilized in this study. For resizing bilinear interpolation method applied ensuring that
no information was added or lost during the enlargement. This resizing was carried out prior
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to the application of pre-processing techniques, after which this data set images for training,
validation and testing purpose in CNN models.

Original Image After Image(resize)
Fig 2: Image resize
Background removal is an image pre-processing method that used for cleaning of images it will

improve the quality of data set. Background removal help to focus on object model techniques.
Here we use canny-edge-detection algorithm for background removal of wheat leaf image.

Before Background Removal After Background Removal
Fig 3: Background Removal Image

3.2.1 IMAGE AUGMENTATION

Image augmentation were help to increase the existing training dataset, improving model
performance and reducing overfitting [18]. This method requires employing haphazard
transformations to training images, like zooming, rotating, shifting, and flipping. Six types of
augmentations were implemented in this study: Spin, breadth drift, height drift, shearing,
zooming, and horizontal flipping (refer to Figure 4 for illustration). For instance, rotations were
randomly applied within a span of -20 to +20 degrees. Similar random ranges were employs for
the other augmentation techniques (details about the ranges for breadth drift, height drift,
shearing, and zooming can be added here). Additionally, horizontal flipping was applied to
create mirror images. Importantly, image augmentation was only activated with the training
image data.

Augmented images also helps to enhance the make better data sets of data. With respect of
augmentation we will artificially increase our data set so it will decrease the cost of labelling
the data set. When we apply the augmentation it will automatically apply the label on data.

Orignal Image

Augmented
Image

Rotate Flipping

Fig 4: Apply Augmentation on Images
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By applying the image rotation with span of 0° to 360° °»the wheat leaf images data set here
we create more images.

3.3 PARTS OF CONVOLUTIONAL NEURAL NETWORK

CNN is one category of deep learning which also a subset of machine learning. Deep learning
(DL) act an essential character in advancing artificial human intelligence and automating
systems. It comprises a vast array of neural networks, with each network leveraging the
computer's processor or embedded video processor to govern the behaviour of individual
neurons, serving as single nodes within the network.

This technique has discover universally integration across numerous applications, including
crop variety detection and classification, plant identification and classification, and fruit image
grading.

Convo-Neural Networks (CNNs) have come-out as a favoured tool among researchers in
computer vision, enabling intricate processing through various layers.

A CNN mainly consist of three layers, these three layers are (i) convolutional layers; (ii) pooling
layers; (iii) fully dense layers; these CNN layers organised as graded architecture where
convolution layer with activation function alternate with pooling layers and fully dense layers.
With consideration this here we used also Inception v3 (Google Net) CNN model and adopted a
strategy to reduce the connection to optimize the cost.

3.3.1 Improvement in Training

A variety of enhancement algorithms can be employ to train the CNN models by adjusting the
connection parameters E to short an efficiency function, specifically the loss function. In our
research task, we use the logarithm-loss, is a widely accepted method in the earlier research
for training various models. With the help of optimizing the parameter of CNN models we can
improve the training. This type of parameter optization technique plays notable role for
improvement of any training. The improvement of training employs to significant improvement

of models also.
Il

Max pooling Layer o Max Pooling Layer =t ?

Dense 1 * L — Max Pooling Layer

Fig. 5: Flow of CNN

3.3.2 CNN Architectures for Training

Four CNN based architectures were chosen for training the image set data after applying the
data pre-processing and data augmentation. The reason behind chosen these architectures for
our practical collate, of their previous achievement in classification works. Explanations are
followed:

AlexNet: AlexNet, introduced by Alex kz et al. and winner of the Image-Net2012 competition.
AlexNet consists 8 layers CNN architecture. In AlexNet five CNN layers, two fully dense layers
and one fully dense output layer. AlexNet overcome the problem of overfitting in fully dense
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layer with apply dropout connections and employ one the best activation function ReLu. ReLu
activation function is simpler, it does not contains exponential operation in compare to sigmoid
and tangent activation function

Inception-V3 (Google Net), is the optimized model in contrast their earlier versions. It shows
the greater efficiency and deeper network. In terms of computational task it is not very
costly.Inception-v3 contains smaller convolution, its grid size depletion is very efficient. This
model, part of the Google- Inception architecture, and dense layers. GoogLeNet is characterized
by its depth, featuring 22 layers that integrate convolutional, along with max-pooling.
Inception-V3(GoogLeNet) employs backout controlling for the activation functions and fully
dense layers within its convolutional layers.

VGG-16: The VGG network is the 16 input layer architecture, it has 16 weight layers means
theses layers decide classification tasks. This architecture was innovative in replacing larger,
more computationally expensive filters with sequences of 3x3 convolutional filters. In VGG
there are more models like VGG-19 with 19 input layers. VGG-16 architecture having some
advantage like it's more coherent architecture in contrast to other VGG models, that was the
main reason to use VGG-16 in our research work..

ResNet-50 is 50 layers deep convolutional neural architecture, employs a residual network.
ResNet-50 is a strong image classification architecture, it has trained very large image data set.
The most important modernism in this architecture is its uses residual networks. ResNet-50
having four main blocks i.e. convolutional layers, the identity layer, the convolutional block and
the fully dense layers.

These CNN architectures evaluated in this research. We evaluate the training, testing and
validation time accuracy of these model with the help of experimental results. Here we apply
four pre-processing methods on these architecture and evaluate the impact of these four pre-
processing strategies. All pre-processing methods apply on original image dataset.

WHEAT IMAGE DATA SET
Layerl | (ayer2 | Layer3 Layerd Laver & eaacy
Layerl | Layer2 | Layer3 | |ayers Layer 2 Accuracy
TRAINING SET
L4
Layerl | Layer2 | Layer3 | Layerd Layer 3 Accuracy
Lavert | Laver2 | layer3 | Layerd
A= Layer 4 Accuracy
Average
Testing et ; T — Average 4 layer validation
accuracy

Fig.6: Pictured demonstration of experiment setup

3.4 Training Blueprint
In our experiment, the neural network is trained from scratch, with all parameters initialized
randomly. Throughout the training process, the parameter values are acquired sprightly from
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the image-dataset in all layers, leading to a fully trained model. While this method often yields
good results, it necessitates a large dataset and demands significant computational resources
for model training.

4. REesSuLT AND ANYLYSIS

All experiment task were accomplish with some experimental setup. These setup include
Intel(R) core i7 2.10 GHz processor, 16 GB RAM, and 4 TB secondary memory. Our practical
task execute using Python 3.0, the Keras2 3.0 library with TensorFlow3 1.4.1. The OS platform
was Windows 10. Our K-layers cross-validation approach, illustrated in Fig. 6, involved
randomly sampling and dividing the 8,000 images in the dataset into four stratified folds. Four
layers (fold) approach were used for training and one for testing. During each iteration of cross-
validation, one fold was designated for validating the trained model, while the remaining layers
were used for training. This cross-validation approach is more vigorous against deviation and
reduces the likelihood of overfitting, resulting in more reliable outcomes. Many prior CNN
studies do not employ this plan of action, likely due to the significant time required for cross-
validation. But to overcome the overfitting and we want that our model work more accurate on
real time data or temporal data our cross validation work much better. In cross validation
approach we divide the dataset in k-layers or k-subsets for training, testing and validation. After
training and testing, we apply cross validation on every layers and then take the average of each
layer validation. This approach help to produce a robust model and its work efficiency was good
for real time data.

4.1 Evaluating the Pre-processing Impact

Table 1 displays the average cross-validation accuracy and training times across four layers for
each CNN based architecture, considering various pre-processing and other strategies. The
optimal outcomes were obtained with the raw images combined with average background
removal, excluding contrast enhancement techniques. AlexNet, Inception V3, and ResNet-50
performed better using original plus back removal images, whereas VGG-16 showed the finest
outcomes with the original raw dataset of images without data pre-processing. Notably, for
VGG-16, the accuracy values without pre-processing were very nearby to those with
background removal. In terms of top accuracy for every architecture, Inception-V3 led with
96.65%, subsequently by AlexNet at 93.85%, VGG-16 at 93.03%, and ResNet-50 at 91.13%.

So we can see the validation accuracy, it clearly shows that it's increases when we apply
prepressing technique in the image dataset. When we analyse this with loos and accuracy graph
we also observe that validation accuracy accuracy nearly go around with training accuracy,
although in initial epochs some variability found in ResNet-50 and AlexNet. It clearly shows
that the after training overfitting not occurs so in that way it’s shows the generality potential
of the CNNss.

4.2 Evaluating the Augmentation Impact

After pre-processed the image data set, we apply the augmentation technique to generate more
quality and clean data set. In our research we apply random rotation and flipping based
augmentation algorithm to generate more images and increase the dataset. To evaluate the
impact of augmentation on accuracy of CNNs models used here. As be seen Table 2 its shows
that most of the CNNs model enhance their accuracy after employ the augmentation algorithm
on pre-processed data. Only one model that was ResNet-50, showed a reduction in accuracy.
When we performs the training on augmented type data sets, the all CNN based architectures
used here gain their best outcomes. The VGG-16 gained finest out come with original image
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dataset, while ResNet-50, gained best outcome with contrast. The finest outcomes were gained
by Alex Net with 97.90% accuracy, nearly go around with Inception-V3 with 97.70%, both one
was trained with original + back removal. As it is noticeable that in contrast over augmented
data setimages the ResNet-50 CNN architecture gained the finest accuracy at 96.13 on contrast.

Table 1:Validation accuracy and mean training time

CNN Models | Validation Accuracy(%) on pre-processed algorithm Avg.
Original Original  Back. | Contrast | Contrast Training
Image Removal +Back Time(minut
data Removal es)
Inception- 96.45 96.65 92.49 92.15 120.00
V3
Alex-Net 90.04 93.85 90.95 91.17 44.00
ResNet-50 84.90 91.13 85.50 80.51 134.00
VGG-16 93.03 92.54 88.70 88.79 144.00
Table 2: After employ augmentation
CNN Validation Accuracy(%) and avg. training time
Models Original Image | Original+Back. | Contrast Contrast +Back
data Removal Removal
Inception | 97.84% 97.70% 96.19% 925.56%
-V3 151.08 151.67 151.32 151.86 minutes
minutes minutes minutes
Alex-Net | 97.00% 97.90% 95.16% 96.25%
146.38 146.00 145.58 145.75 minutes
minutes minutes minutes
ResNet- 88.09% 88.03% 96.13% 92.19%
50 153.00 152.55 153.14 153.56 minutes
minutes minutes minutes
VGG-16 97.18% 97.14% 94.46% 95.37%
152.48 152.66 152.43 152.88 minutes
minutes minutes minutes

4.3 Comparison of Model

In arrangement to contrast the four CNN Models used here, the finest pre-processing methods
for every architecture was used, based on top avg. accuracy at the validation stage (Table 1).
For Inception-V3 and AlexNet the augmented dataset with original + back-removal pre-
processing was selected .So we were trained our new models on complete training data set (4-
layer) and testing with (4-1) layers. In fig 7 and fig 8 shown the validation accuracy (%) and
test accuracy (%) for all CNN models used in this research. The finest test accuracy we
achieved by Inception V3 at 98.15.

Received: November 27, 2025 3037



International Journal of Applied Mathematics

Volume 38 No. 11s, 2025
ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version)

Validation Accuracy (%)

Inception V3 AlexNet VGG-16 ResNet-50

Fig 7: 4-layer avg. validation accuracy chart of all CNN models

99 Test Accuracy (%)
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Inception V3 AlexNet VGG-16 ResNet-50

Fig 8: 4-layer avg. test accuracy graph of all CNN models

5. CONCLUSIONS

The outcomes presented in this research helps us to image classification with achieve finest
accuracy. In this research, many CNN architectures shows performed fine when trained from
initial with augmented datasets with add back-removal pre-processing. So our research shows
if we pre-processed the image it improve the quality of training with the help the increase the
validation. So with the help of finest prepossessing algorithm we can improve the quality the of
images it will tends to increase the accuracy of models also.

Our research also shows how augmentation also play the significance role of improve the
quality data sets. So this Al based techniques helps to maintain the quality data sets if we unable
to collects the real data sets. We analyse the CNN architecture trained with finest image pre-
processing methods using k-layer cross-validation on test set. Inception-V3gained the finest
test accuracy of 98.15%, accompany with VGG-16 with 96.10%, and Alex Net with 95.20%. The
lowest test accuracy at 94.25% by Alex Net.
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