Spectrum of Engineering Sciences

ISSN (e) 3007-3138 (p) 3007-312X

Volume 4, Issue 3, 2026

MACHINE VISION APPROACH TO DISCRIMINATE AND CLASSIFY
NORMAL AND DISEASE-AFFECTED CROP SEEDS

Hina Shafique', Agsa Khursheed?, Shafgat Ali’, Samer Parveen*, Ghulam Gilanie”

L2 5 Department of Artificial Intelligence, Faculty of Computing, The Islamia University of Bahawalpur, Pakistan.
**Department of Mathematics, Faculty of Physical and Mathematical Sciences, The Islamia University of Bahawalpur,

Pakistan

"hinach1912@gmail.com, *agsakhursheedbwp@gmail.com, *shafqat.ali@iub.edu.pk,

4

DOI: https:

Keywords
Machine Vision, Crop Seeds,
Normal and Diseased Crop

Article History

Received: 13 January 2026
Accepted: 26 February 2026
Published: 12 March 2026

Copyright @Author
Corresponding Author: *
Ghulam Gilanie

1 Introduction

samerrehman 18@gmail.com, “ghulam.gilanie@iub.edu.pk

doi.org/10.5281/zen0do.22044164

Abstract

Every grower in the agriculture domain eventually observes the consequences of
low-quality seeds, which include weak seedlings, moisture loss, inadequate stands,
sluggish sprouting, and combined or ethnically compromised lots. The purpose is to
have good quality and quantity crops from a marketing point of view. Selection of
right seeds can make it possible. Till now, all this is handled manually, but
machine vision approach can result better in this regard. Cotton, Wheat and
Corn crops are widely cultivated in southern Punjab as well as throughout the
world to produce various consumable and wearable items. Since seeds of these
crops are evaluated in many areas with the aims of sowing and further processing,
they should be identified in an expedited and accurate manner for the selection of
a healthy (normal) seed. In this research activity, an affordable machine wvision
approach has been investigated to classify normal and diseased crop seeds. The
experiments have been performed on the dataset gathered from Pakistan's
Bahawalpur Agriculture Research Center. The domain specialists sorted plants
that were healthy from those that were afflicted by disease. Several of the best
forecast models for classifying seeds as normal and unhealthy for all three crops
have been obtained through the investigation of feature sets, feature models, and
machine learning classifiers. To adjust the algorithm's variables, tests as well as
training sets have been utilized with the Kifold crosswalidation method.
Resultantly, fast and accurate operations have been adopted to serve agricultural
industries. For quantitative assessment of the research work, standard evaluation
parameters, accuracy, specificity and sensitivity have been used. The dewveloped
system achieved an overall accuracy for cotton as (83.8%), for wheat as (100%)
and for corn as (84.0%).

growers or other workers of this field recognize

Crops are very important for organisms and
human life. They play a vital role in the
ecosystem. The quantity of yield depends upon
the quality of the seed and of the soil, which
hosts different types of crops. Identification of
normal and diseased seeds is a complicated and
time-consuming task. Formerly, experienced

shape and color of crop seed subjectively [1].
Huge volumes of crop seeds usually cannot be
graded manually. So, automatic procedures
performing the requisite will be among the more
convenient means. Recently, researchers have
proposed automated methods to classify normal
and disease-affected seeds [2]. A quick and
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accurate recognition and identification of normal
and disease-affected seeds has worth in the field
of agriculture and botany [2]. The use of seeds in
different agricultural areas has increased the
significance of their proper identification and/or
grading. Each seed contains multiple features,
which help to identify and classify it as normal or
diseased [4]. These features include seed size,
dispersal, color and dormancy [3]. Agronomists
and other relevant specialists analyze and classify
seeds by visually or chemically examining each
sample [6]. Although it takes time, it offers
crucial information for impurity determination.
Consequently, it will be more convenient to have
it done instantly [7].

In agriculture environments, farmers usually
grade seeds based on their experience. Owing to
limited experience, they often grade their seeds
erroneously. Mostly, in such cases farmers grade
or classify the seeds as per their own experience
or previous knowledge [4-7].

If such automated systems performing auto
classification and grading of seeds are integrated
into available machines used by these farmers or
agrarians, no doubt the time and resources both
will be saved in efficient manners. Figure 1 shows
sample images of different normal and diseased
seeds. These images have been obtained from
dataset [8], which includes Cotton, Wheat and

Corn seeds.
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Figure 1: Shows normal and diseased seeds of cotton, wheat and corn [8] (A) Shows normal seeds of
cotton (B) Shows diseased seeds of cotton (C) Shows normal seeds of wheat (D) Shows diseased seeds of
wheat (E) Shows normal seeds of corn (F) Shows diseased seeds of corn [8]

Several investigators have tried to develop a semi-
automated/automated system in this research
work for the discrimination/identification of
different seeds to have their objectives. Some of
them are cited below.

The researchers [9] proposed a computer-vision-
based method for the classification of castor
seeds. They used the two most common seed
groups on the images, recorded through a
webcam [9-32]. They used frequency distribution
for every color channel, i.e., red, green, blue.
These investigators have also used hue,
saturation, intensity, and grayscale information.
Partial least squares-discriminant analysis (PLS-
DA) and linear discriminant analysis (LDA) have
been used as pattern recognition methods to
successfully classify each of the seed classes. They
claimed 97.5% and 98.8% classification rates,
respectively [33-53].

The authors [54] have registered a US patent, in
which an automated system for the analysis of
seeds through images has been published. The
strategy involves examining tissue removed from
the seeds for the presence or absence of at least
one characteristic and selecting seeds based on
that characteristic.

Another method [55] has been reported in
literature for the classification of weed seeds, in
which the authors used a Principal Component

Analysis (PCA) Network. They validated their

A technique for the type of pepper seed [89]
based on neural networks and computer vision
techniques has been reported; images having a
resolution of 1200 dpi were used for their
experiments. Color, shape, and texture-based
features have been extracted and employed to
classify pepper seeds. To prevent overfitting, the
authors used a crossvalidation approach. The
reported accuracy rate is 84.94%.

As per reviewed literature, it is concluded that
there is a substantial research gap in this area to
automatically classify, grade and discriminate
healthy and disease-affected seeds. Moreover, the
reported  approaches are  computationally
expensive, and the measures they obtain leave
room for improvement.

This research investigates the seeds classification
based on their texture. In routine, seeds are
classified or graded as normal, healthy and
diseased based on their visual analysis by domain
experts. In most cases, domain experts are
agrarians or farmers of expert level. During the
last few decades, various methods were suggested
for classifying seeds according to the design
method and data gathering strategy. These
methods are classified as multi-modal, vision-
based, and non-visual sensor-based. It is true that
seed categorization schemes are complicated and
are built up of various components. The purpose
of this thesis is to create new methods by utilizing

results on data sets containing 91 types of weed handcrafted and  machine learning-based
seeds [56-88].
https://thesesjournal.com | Shafique et al., 2026 | Page 5513
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algorithms to classify seeds using a vision-based
strategy. The primary goals of this study are:

(a) Discrimination of seeds as normal,
healthy and diseased based on their texture.
(b) Develop an automated system which

could auto classify seeds in more efficient and
definite manners.

(c) Classification of seeds using machine
vision approaches.
(d) Development of an automated

system for the discrimination of normal and
disease-affected seeds; this is a more reliable and
standard approach.

(e) Provide an automatic system for the
discrimination of healthy seeds.

(f) A thorough analysis of the most
advanced methods based on both machine

learning and handcrafted approaches to
determine which one performs best;

() Recognizing the shortcomings of cutting-
edge methods and pinpointing areas in need of
improvement;

(h) Development of a novel technique for

seeds classification, which is considered as one of
the major challenges in different application
domains of agriculture;

In this study, a machine learning-based approach
for classifying seeds from photos has been put
forth. The research begins by examining and
analyzing the textural properties of seed images in
order to identify the seeds as either healthy or
unhealthy. The textural properties considered
were kurtosis, homogeneity, contrast, entropy,
smoothness, and mean. Each training image was
convolved with 2D Gabor filters to determine the
texture properties of image I(x,y).

2 Literature Review

Categorization of seed varieties has been done by [22].
In that work, the authors assess varietal quality with
the aim of improving crop yield through variety
classification. To classify the varieties of maize seeds, a
hyperspectral imaging system covering the spectral
range of 874-1734 nm was used. Their technique
assessed a total of 12,900 maize seeds, comprising

three distinct types. The 975.01-1645.82 nm bands

were retrieved and preprocessed. A radial basis neural
network was used to create discriminant models
(RBENN). It was investigated how calibration sample
size affected accuracy in classification. The findings
indicated that while prediction accuracy changed from
an improving form to a stable form as the calibration
sample size increased, calibration accuracy varied
marginally.

As a result, the ideal calibration set size was
established. Principal components (PCs) loading was
used to identify the optimal wavelength. With a
calibration accuracy of 93.85% and a prediction
accuracy of 91.00%, the RBENN model, which was
created on ideal wavelengths and with the ideal size of
the calibration set, produced good results. By using
this RBFNN model on the average spectra of each
sample, a categorization map of seed varieties was
produced. Additionally, support vector machines
(SVM) were used to wvalidate the process for
determining the ideal sample size suggested in this
investigation. The overall findings suggested that
hyperspectral imaging was a promising method for
classifying maize seed varieties and would aid in the
creation of a real-time detection system for both maize
and other crop seeds.

Studies of a certain plant's visually discernible
patterns are referred to as plant trait/disease
studies. Crops today deal with a lot of illnesses and
characteristics. Insect damage is one of the main
characteristics or diseases. Since some types of birds
may be poisoned by insecticides, their effectiveness
has not always been demonstrated. Additionally, it
disrupts the normal animal feeding chains. Using a
scale based on the percentage of the afflicted area,
plant scientists frequently measure the damage
caused by disease to plants (leaves, stems). Low
throughput and subjectivity are the outcomes. This
work offers developments in a number of
techniques for image processing-based plant disease
and trait research. The techniques being examined
aim to increase throughput and decrease the
number of subjects resulting from human expertise
in the detection of plant diseases [13].

The following two steps are added successively after
the segmentation phase. The authors proposed and
experimentally evaluated a software solution for
automatic detection and classification of plant leaf
diseases. Studies of plant trait/disease refer to the

https://thesesjournal.com

| Shafique et al., 2026 |

Page 5514


https://portal.issn.org/resource/ISSN/3006-7030
https://portal.issn.org/resource/ISSN/3006-7030

Spectrum of Engineering Sciences
ISSN (e) 3007-3138 (p) 3007-312X

Volume 4, Issue 3, 2026

studies of visually observable patterns of a
particular plant. Nowadays, crops face many
traits/diseases. Insect damage is one of the major
traits/diseases. Insecticides are not always proven
efficient because they may be toxic to some form of
bird and damage natural animal food chains. They
determine the pixels that are primarily green in the
first step. Next, these pixels are masked based on
threshold amounts that are derived using Otsu's
approach, then those primarily green pixels are
masked. The second extra step involved removing
all pixels on the edges of the infected cluster
(object) and those with zeros for red, green, and
blue values. The experimental findings show that
the suggested method is a reliable way to identify
illnesses in plant leaves. The effectiveness of the
devised algorithm can successfully detect and
classify the diseases under investigation with a
precision of 83% to 94%, and it can achieve a 20%
speedup over the research method [14].

A method for characterizing soybean seeds using
image processing techniques has been reported by
the authors [15]. Additionally, they have linked
their model to immature soybean seeds, viral
diseases, and fungal damage. For inspection and
grading, a multivariate decision model based on
Red, Green, and Blue (RGB) color features
distinguished ~ between  asymptomatic ~ and
symptomatic seeds. The asymptomatic and
symptomatic seeds had different colors, according
to the color analysis. To describe the seed
symptoms, a model was created that included six
color variables, including averages, minimums, and
variations for RGB pixel values. Some of the
disparities among symptoms were not well
described by color alone, according to the color
analysis. With the highest chance of occurrence, a
linear discriminant function with uneven priors for
asymptomatic and symptomatic seeds produced an
overall classification accuracy of 88%. The
categorization accuracy for everyone was 97%
asymptomatic, 30%  Alternaria spp.,, 83%
Cercospora spp., 62% Fusarium spp., 91% green
immature seeds, 45% Phomopsis spp., 81% black
soybean mosaic potyvirus, and 87% brown soybean
mosaic potyvirus. The classifier's performance was
unaffected by the seed's sampling year. The work
was effective in creating a color-based knowledge

domain and a color classifier enabling the creation
of intelligent automated grain grading systems in
the future.

Plant diseases result in significant output and
financial losses for the global agriculture sector.
For sustainable agriculture, it is essential to track
the health of plants and trees and identify any
diseases. As far as we are aware, there isn't a
commercially available sensor that can measure
the health of trees in real time. The most popular
method for tracking tree stress now is scouting,
which is costly, time-consuming, and labor-
intensive. Plant diseases that necessitate a
thorough sampling and processing method are
identified using molecular techniques like
polymerase chain reaction. Productivity can be
increased by using early information on crop
health and disease detection to help control

diseases  through appropriate management
techniques such as vector control with pesticide,
fungicide, and  disease-specific =~ chemical
applications.

The necessity for a quick, affordable, and
accurate health-monitoring sensor that would
support agricultural improvements is
acknowledged in this research. It outlines the
technologies now in use that can be applied to
the development of a ground-based sensor system
that could assist in identifying plant diseases and
health in field settings. These technologies
include approaches for detecting plant diseases
that are based on imaging and spectroscopy as
well as volatile profiling. The advantages and
disadvantages of various possible approaches are
contrasted in the paper [5].

This work presents an algorithm that uses color
and texture information to categorize five
different types of rice. Image acquisition,
segmentation,  feature  extraction, feature
selection, and classification are the phases that
make up the suggested approach. From rice
kernels, 60 color and texture characteristics were
recovered. Four distinct methods were used to
analyze the characteristics because the set
comprised redundant, noisy, or even useless
information. Twenty-two features were ultimately
chosen as the best. To categorize rice types, a
classifier based on back propagation neural
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networks was created. A total classification
accuracy of 96.67% was attained [16].

The automation or semi-automation of the seed
quality purity test is reviewed in this work.
Although computer vision (CV) technology is a
sophisticated form of inspection technology
utilized in many other industries, its application
in agriculture is very limited. Using CV
technologies in agriculture is quite difficult.
Research in this field has been prompted by the
significance of CV in this field. There is a brief
discussion of several theories on the automation
of seed quality purity tests. Features and
classifiers are used to categorize the reviewed
methods. The article discusses the techniques for
identifying a specific seed's characteristics as well
as the classifiers that were employed to categorize
the seeds. A summary of the most widely used
techniques for seed feature extraction and
categorization is provided. Regardless of the
specific feature or classifier, the paper's main
objective is to give academics working on
automated seed categorization a comprehensive
reference source [17].

In this study, anthracnose-affected lesion areas are
divided using segmentation techniques, graded
according to the proportion of affected area, and
classified as normal and anthracnose-affected fruits
using a neural network classifier. For our study, we
have taken into consideration three different kinds
of fruit: pomegranates, grapes, and mangos. There
are two stages to the established processing scheme.
In the first stage, lesion areas afflicted by
anthracnose are separated from normal areas using
segmentation techniques such as thresholding,
region expanding, Kwmeans clustering, and
watershed. The percentage of affected areas is then

Start:
Convert the dataset into JPEG format

used to grade these affected locations. The run-
length matrix is used in the second step to extract
texture features. After that, an ANN classifier is
employed to classify these features. We
experimented using a collection of 600 picture
samples of fruits. Normal and afflicted anthracnose
fruit varieties have classification accuracy of
84.65% and 76.6%, respectively. The study is used
in the horticulture industry to construct a machine
vision system [18].

3 Proposed Methodology

This chapter covers the suggested method's pre-
processing, algorithm, and flow chart. The
proposed method of normal and disease-affected
crops has been applied on corn seeds, which have
been collected from the Agriculture Department,
Bahawalpur. The results and their discussions are
depicted in Chapter 4.

3.1 Methodology

In this research work, several steps have been
executed to create a system capable of
discriminating against and classifying normal and
diseased corn seeds. The developed system used
machine vision and artificial intelligence
techniques.  Further, image  acquisition,
preprocessing for enhancement of corn seed
images, edge detection of corn seed images,
sharpening of corn seed images, some
morphological operations on corn seed images,
suitable features selection and extraction of
images and application of a suitable classifier
have been outlined in this section. The details of

each phase are as below. Figure 2 represents the
steps of the suggested system executed to develop
the system.
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Pre-processing:
Local Histogram Equalization

Feature Extraction:

Each of the four orientations (mr, /2,
/3, and w/4) has a Gabor texture
descriptor. The co-occurrence matrix
is applied to each local histogram
equalized image and the four images
that are derived from the Gabor
texture descriptor.

Combining features:
Combining extracted features

smoth_0 kurt_0

0.999841
0.999744
0.999838
0.999849

2.945997
7450287
2.996088
2. 726221

2.88819
2.801735
2.737084
2.698221

2. 73567
2.688558
2.847195
29772032
2.786293
2.897249

entrp_o0
4.830552
2.593456
4.688709
4.833203
4.816932
4.998729
5.044137
5.118662
5.062974
5.002384
4.854786
4.822567
4.900312
4904982

contrast2_mean_0

1125.106
A462.4325
863.1534

286.843
1003.007
9429221
1106.191
1055.592
1139.763
1133.336
1175.991
1009.249
1097.415
1093.629

198.3311
228 4244
200.4996
196.5822
198.7402
197.0162
196.3825

195.526
195.6375
195.0343
197.7044
198. 8864
196.8231
197.8292

Classification using SVM:

Figure 2. Top-down approach of the proposed system

3.2 Image acquisition

A newly created and tailored dataset for research
and experiments gathered from the
Agriculture Department in Bahawalpur. The
dataset was obtained using a digital camera with
large dimensions, high megapixels, and no
compression ratio. The photos utilized for each

was

seed's study and experiments are detailed in
Table 1. A total of 1800 photos from various seed
classes—600 photos from each seed category—have
been used for studies and tests. Of these 1800
photos, 1188 (396 of each seed category) were
used to train the suggested approach, and 612
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(204 of each seed category) were utilized to test

the published method [8].

Table 1. Number of photos utilized to test and train the suggested technique

Total number of No. of Images used for No. of Images used
Seed Type . .. .
images Training for Testing
Cotton 600 396 204
Wheat 600 396 204
Corn 600 396 204
Total 1800 1188 612
3.3 Preprocessing concern of the study was to select a more

An image has undergone many operations at this
step. To utilize the surface data for inclusion
extraction and order, the dataset's photos were
first converted to JPEG, which is an acceptable
picture format. Despite this, the digital camera
utilized to gather datasets provided very high-
quality and determined outputs.

3.4 Feature representation
Feature extraction is to find representation of the
textural data relating to pixel and tissue

appropriate set of features for the dataset. The set
of features selected were on the criteria that they
must have maximum textural information in
connection with their spatial and neighboring
relationship [19]. In this way, it can be a superior
decision among texture descriptors for the
investigation of agriculture related information,
i.e., normal (healthy) or abnormal (diseased)
seeds. Figure 3 shows the Gabor filtered slices
with four orientations (1, /2, /3 and 1/4). The
2D Gabor filter is mathematically described in

relationship. That is the reason, the primary Eq. 2 and Eq. 3.
gk, 0, , 0,y (6 y) = expl S EX) cos2n + ¢) ()
X'=x cos +ysinB, y' =y cos® — x sin6 (3)

The results of Gabor filter (for all four angles of 1, /2, /3 and 7/4) applied on each sample image of

cotton, wheat and corn seed has been shown in Figure 3.

Seed Cotton Image Wheat Image Corn Image
Type
Original
Image
(a) () (k)
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Resultant
image
when
Gabor
filter at
angle ™
has been
applied

Resultant
image
when
Gabor
filter at
angle
1/2 has
been
applied

(c)

(h)

(m)

Resultant
image
when
Gabor
filter at
angle

/3 has
been

applied

(d)

(i)

(n)

Resultant
image
when
Gabor
filter at
angle
/4 has
been
applied

(e)

()

(0)
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Figure 3. Showing original images of cotton, wheat and corn seeds and their Gabor features on four
angles T, /2, /3 and /4 (a) original image of abnormal cotton seeds (b) resultant image of (a) when
Gabor texture filter has been applied on angle T (c) resultant image of (a) when Gabor texture filter has
been applied on angle /2 (d) resultant image of (a) when Gabor texture filter has been applied on angle
/3 (e) resultant image of (a) when Gabor texture filter has been applied on angle /4 (f) original image
of abnormal wheat seeds (g) resultant image of (f) when Gabor texture filter has been applied on angle T
(h) resultant image of (f) when Gabor texture filter has been applied on angle 7/2 (i) resultant image of (f)
when Gabor texture filter has been applied on angle /3 (j) resultant image of (f) when Gabor texture
filter has been applied on angle /4 (k) original image of corn abnormal seeds (I) resultant image of (k)
when Gabor texture filter has been applied on angle ™ (m) resultant image of (k) when Gabor texture
filter has been applied on angle /2 (n) resultant image of (k) when Gabor texture filter has been applied
on angle 1/3 (o) resultant image of (k) when Gabor texture filter has been applied on angle /4

In the resulting GLCM, each component (i, j) is essentially the sum of the conditions under which a pixel
with value i occurred in the predetermined spatial relationship to a pixel with value j in the input image

(20].

3.5 Feature extraction representation of the relevant aspects of the
By predicting specific qualities, or highlights, that image into feature vectors, the extracted highlight
distinguish one information design from another should provide the classifier with the attributes of
example, feature extraction aims to reduce the the information composed [19]. The texture
initial  information. By considering the features listed below have been extracted:

° Contrast: The intensity contrast between a pixel and its neighbor throughout the entire image is

measured by the contrast function. A contrast range of [0 (size (GLCM, 1)-1)"2] is available. A continuous

. 2 P
C=>Y"i—j P(i,j)
image has no contrast. The formula below is used to calculate contrast: Lj
° Homogeneity: A value indicating how closely the distribution of GLCM elements adheres to the
GLCM diagonal is returned by homogeneity. [0 1] is the range of homogeneity. When a GLCM is diagonal,

homogeneity  is 1. The  following  equation is used to  assess homogeneity:
Pii.
T=2 i)
L+ If - J|

° Mean The value in the image where central clustering takes place is estimated by the mean, m, of
the p1xel values 1ns1de the specified frame. The following formula can be used to get the mean:

~MN ZZ*””

=1 j=1
Where p (i, j) is the pixel value at point (i, j) of an image of size M x N.
° Kurtosis: K measures the peakedness or flatness of a distribution relative to a normal distribution.
The conven'aonal definition of kurtosis is:

= ﬁ\zz{p” #] -

Where, p (i, j) is the plxel value at point (i, j), m and o are the mean and standard deviation, respectively.
The -3 term makes the value zero for a normal distribution.
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° Smoothness: Descriptors of relative smoothness can be established using relative smoothness, or R,

1
R=1-——

2
a measure of grey level contrast. The following formula determines the smoothness: l+o

° Entropy: The texture of the input image can be described using entropy, a statistical measure of
randomness. The distribution variation in a region can also be described by entropy, h. The image's overall

entropy can be computed as follows:

h =— Z Pri(logsPry)
K=0

Where Pr is the probability of the k-th grey level, which can be calculated as Zk /m*n, Zk is the total
number of pixels with the k-th grey level and L is the total number of grey levels.

3.6 Classifiers

In this proposed study, several classifiers have
been used to compare classification rates. It was
desired to achieve maximum classification rates.
For this, following classifiers were experimented
with: Support Vector Machine (SVM), K-Nearest
Neighbours (KNN), multiclass classifier, Artificial
Neural Networks (ANNs), trees, regression
models and ensembles. The classifier, which
achieved maximum classification rates, has been
used to build the learned model, which is used by
providing an interface for the classification of
new data (seed image in this case). Every classifier
was trained and validated using five-fold cross-
validation on the 1,188-image training partition,
and the rates reported in Section 4 are averaged
over five folds; the held-out 612 images were used
only for final testing.

3.7 Evaluation measures

Any implemented methodology's performance
and efficacy are evaluated using evaluation
measures. Below is a detailed list of the standard
evaluation metrics that were utilized to assess the

suggested approach.
TP+TN

Accuracy= ————
Y TP+'I;)N+FP+FN

S itivi T
nsitivity=
ens ty TP+FN

T
Specificity TNTFP

FNR=

TP+FN
Precision=

FPR=

TP+FP

FP 1
FP+TN or 1-accuracy

4 Results and Discussions

The methodology used by the proposed system
was described in detail in section 3, which also
included a discussion of the pre-processing,
algorithm, and flow chart of the proposed
method. The results of the proposed
methodology were presented in this chapter
along with a discussion of them.

4.1 Experimental results

Most agricultural studies are motivated by the
creation of applications to extract distinctive
information from photographs belonging to
different classes. The photos utilized for research
and tests with each seed class are detailed in
Table 1. Research and trials have been conducted
using a total of 1800 photos, 600 of which are
from each of the seed categories. The suggested
approach was trained using 1188 (396 photos of
each category of seeds class) of these 1800 images
and the reported method was tested using 612
(204 images of each category seed class).

Results regarding the normal (healthy) and
diseased (abnormal) classification of several seeds
have been obtained in this experiment using
Gabor texture characteristics that have been post-
applied using a co-occurrence matrix on each
feature. Each method's results are averaged across
five times in the datasets, and rates are expressed
as percentages (i.e., the ratio of right decisions to
total decisions). Furthermore, these techniques
are tested on 1188 photos, which include
pictures depicting different expressions and
captured in a range of lighting conditions. Every
image in each dataset had its texture, shape, and
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before  being
concatenated into a single feature vector. Table 2

color  features  extracted
shows a sample of these textural characteristics

for both healthy and diseased cotton seeds, and

Annexure C in the thesis report contains a
comprehensive list of all the characteristics,
where texture features are represented by the

letters F1, F2, F3, F4, F5, F6, and F7.

Table 2. Sample representation of texture features for both normal and diseased seed of cotton

F1 F2 F3 F4 F5 F7 Class
0.00926 0.0962 1124.2097 1265280.602 2030.487222 3.566E-11 Normal
0.01306 0.1142 1123.2078 1262223.966 2490.22007 2.313E-11 Diseased
0.01590 0.1261 1135.5084 1298940.37 2805.291531 2.067E-11 Normal
0.01082 0.1040 1123.6202 1263447.882 2232.725984 3.031E-11 Diseased
0.01045 0.1022 1122.5842 1260354.787 2182.687145 2.949E-11 Normal
0.01064 0.1032 1123.7752 1263923.273 2209.684083 3.007E-11 Diseased

On similar pattern a sample of these texture features for both corn normal and diseased seeds is represented
in Table 3, while a complete list of features has been presented in the thesis report as an Annexure D.

Table 3. Sample representation of texture features for both normal and diseased seed of corn

F1 F2 F3 F4 F5 F7 Class
0.00021 0.5517 0.736935 26.92981379 2.844432698 35.26263 Normal
0.00022 0.5552 0.746242 24.38471734 2.840743467 39.08153 Diseased
0.00020 0.5473 0.742142 25.25084757 2.878886102 37.35577 Normal
0.00020 0.5435 0.736024 26.06237688 2.907127738 36.97094 Diseased
0.00020 0.5369 0.760067 21.41891974 2.827466131 40.42363 Normal
0.00021 0.5694 0.744931 25.2685024 2.767769768 36.74299 Diseased

Similarly, a sample of these texture features for both wheat normal and diseased seeds is represented in
Table 4, while a complete list of features has been presented in the thesis report as an Annexure E.

Table 4. Sample representation of texture features for both normal and diseased seed of wheat

F1 F2 F3 F4 F5 F7 Class
27.8343 0.3259 39127331 0.636822801 0.622269243 0.569864 Normal
22.9334 0.3784 3.5748151 0.673143406 0.659096743 0.614864 Diseased
28.3948 0.2913 4.1865236 0.60847221 0.592198358 0.538601 Normal
30.4924 0.2879 4.1755663 0.607308901 0.591657673 0.535130 Diseased
29.1543 0.3208 3.9322217 0.633590587 0.61963977 0.565193 Normal
26.9651 0.3097 4.0950780 0.62102287 0.604993703 0.555717 Diseased

In order to evaluate the effectiveness and o False Positive (FP): incorrectly identified.
performance of the proposed method, numerous o True Negative (TN): correctly rejected.
experiments have been conducted on various ° False Negative (FN): incorrectly rejected.

seed class images. The standard evaluation
measures, such as accuracy, specificity, sensitivity,
and ROC curve values, have been used in the
experiments because most related studies have
also used these standard quantitative parameters
for the evaluation of their proposed methods.

° True Positive (TP): correctly identified.

The studies were conducted using several
classifiers on both the Weka 3.8.1 and MATLAB
2016b tools. The following is a list of the
quantitative parameters used to assess the
suggested approach using MATLAB and Weka:

° Sensitivity or True Positive Rate (TPR) =
TP / (TP + EN). (eqv. with recall)

https://thesesjournal.com

| Shafique et al., 2026 |

Page 5522


https://portal.issn.org/resource/ISSN/3006-7030
https://portal.issn.org/resource/ISSN/3006-7030

Spectrum of Engineering Sciences

ISSN (e) 3007-3138 (p) 3007-312X Volume 4, Issue 3, 2026

° False Positive Rate (FPR) = FP / (FP + ° Receiver Operating Characteristic
TN). (ROCQ).

° False Negative Rate (FNR) = 1 - TPR. ° Mean Absolute Error (MAE).

° Precision or Positive Predictive Value o Root Mean Square Error (RMSE).

(PPV) = TP / (TP + FDP). Cotton seeds were classified as normal (healthy)
° False Discovery Rate (FDR) = 1 - PPV. or diseased (abnormal) using MATLAB. Table 5
° F-Measure is the weighted harmonic shows the accuracy, true positive rate, false

mean of recall and precision.

negative rate, positive predictive value, false
discovery rate, and ROC-curve values.

Table 5. Results obtained through MATLAB for cotton seeds classification as normal (healthy) and

diseased (abnormal)

Sr# Classifier Accuracy TPR | FNR | PPV FDR \Ir{a(lzlce

1 Ensemble ( RUS Boosted Trees) 83.8% 86% 14% 89% 11% 0.90
SVM (o) 0, 0, (o) 0,

2 (Cubic SVM) 83.2% 88% 12% 87% 13% 0.86

3 Linear Discriminant 83.5% 91% 9% 85% 15% 0.86

The findings obtained using MATLAB on cotton
seeds for the classification of seeds as normal and
diseased are displayed in Table 5. Training and
testing have been conducted on 600 photos in
total. The suggested approach was trained using
396 of these 600 photos, and the suggested
scheme was tested using 204 of them. In contrast
to SVM and linear discriminant classifiers, which

have accuracy measures of 83.2% and 83.5%,
respectively, this ensemble classifier achieves the
highest accuracy of 83.8%, as shown in Table 5.
As we can see from Table 5, the Ensemble
classifier produced TPR and PPV values of 86%
and 89%, respectively. The same information
represented as a graph has been depicted in
Figure 4.

Cotton Seeds Classification as Normal and

Diseased
83.50% 91% 85% 0.86
83.8 9 89% 0.9
100.00%
90
50.00% Linear Discriminant
0.00% Ensemble ( RUS Boosted Trees)

A\ R & N 3 e
R A
C @

% K

B Ensemble ( RUS Boosted Trees) B SVM M Linear Discriminant

Figure 4. Comparisons of different classifiers on cotton seeds for the classification of normal seeds and
abnormal (diseased) seeds as per standard evaluation measures, i.e., accuracy, specificity, sensitivity and

ROC value (AUC curve)
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Table 6 shows the classification results for cotton
seeds (healthy) and diseased
(abnormal) using the Weka machine learning
technology. Accuracy, true positive rate, false

as normal

negative rate, positive predictive value, false
discovery rate, and ROC-curve values are also
shown.

Table 6. Results obtained through Weka for the classification of cotton seeds as normal and abnormal

(diseased)
o ot O ot —_— [ < =™ )
= D =9 | o = Rz = = = o~ g 2 ok g & @
»w n = @ g - 31 17} I =0 ® « @«
17} D '-e o -5 [l < m‘ 8 [=} 3] ;_L“ < QO QO O 8 5 0 3 ﬁ
cx 0§ T o £° £ < P |ZSFE=Z ©
0672 | 0227 | 0.765 | 0.672 0‘57 0754 Normal
Multilayer 072
Perceptron | 0.773 | 0.328 | 0.681 | 0.773 '4 0.754 | 0.2958 | 0.479 Diseased
71.9794% Wehead
072 | 0275 ] 0725 | 0.72 | 0.72 | 0.754 elghte
Avg.
0681 | 0206 | 075 | 0681 | OTH | 0759 Normal
Rules 4
GRip) | 0.794 | 0319 | 0.733 | 0.794 0'276 0.759 | 0.3436 0'249 Discased
74.036 .
074 | 0265 | 0741 | 074 [ % | 0759 Weighted
9 Avg.
0.72
0.773 | 0328 | 0.681 | 0773 | 7, 01754 Normal
Rules 071
(PART) | 0.672 | 0.227 | 0.765 [ 0672 | 0.754 | 0.2958 | 0.479 | Diseased
5
71.9794% Welsheed
072 | 0275 | 0725 | 0.72 | 072 | 0.754 clehte
Avg.
0.76
Trees 0.741 | 0.176 | 0.792 | 0.741 0.782 Normal
(Random > 0.464
0.824 | 0.259 | 0.778 | 0.824 | 0.8 | 0.782 | 02159 | Diseased
Tree) 0.78 [ Weighted
78.4002% | 0.784 | 022 | 0.784 | 0.784 | 0.782 iﬁgte

At the same time, both MATLAB and Weka were
used to construct a trained model for the
classification of wheat seeds for its normal and
abnormal class categorization. Accuracy, TP-Rate,
FP-Rate, TN-Rate, FN-Rate, F-measure, Precision,
Recall, ROC (AUC) Value, Mean Absolute
Error, and Mean Square Error are the typical
assessment metrics that have been wused to
validate the results. These studies were conducted

solely to validate and authenticate the findings
for cross-validation purposes.
Table 7 shows the accuracy, true positive rate,
false negative rate, positive predictive value, false
discovery rate, and ROC-curve of the
classification findings for wheat seeds that were
made using MATLAB as normal (healthy) and
diseased (abnormal).
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Table 7. Results obtained through MATLAB for the classification of normal and diseased seeds of wheat

St Classifier | Accuracy TPR FNR PPV FDR ROC

# value

1 (Cub?cvllzirnel) 100% 100% 0% 100% 0% 1.00
Ensemble

2 (Subspace 100% 100% 0% 100% 0% 1.00
KNN)
SVM

3 (Quadratic 100% 100% 0% 100% 0% 1.00
Kernel)
SVM (Fine

4 Gaussian 100% 100% 0% 100% 0% 1.00
Kernel)

The findings of classifying wheat into normal and
pathological classes are displayed in Table 8.
Accuracy, TP-Rate, FP-Rate, TN-Rate, FN-Rate, F-
measure, Precision, Recall, ROC (AUC) Value,
Mean Absolute Error, and Mean Square Error
are the typical assessment metrics that have been

used to validate the results. These studies were
conducted solely to validate and authenticate the
findings for cross-validation purposes. The graph
that represents the same data is shown in Figure

5.

Wheat Class Classfication as Normal and Diseased

100% 100%
100%

100

100%
90%
80%
70%
60%
50%
40%
30%
20%
10%

0%

0%
0% “=
-_—

Accuracy TPR FNR PPV

ESVM EEnsemble-KNN m®SVM

100

100% 1
100% 1

0%

0% SVM
0% A

A SVM

FDR ROC value

SVM (Fine Gaussian Kernel)

Figure 5. Comparisons of different classifiers on wheat seeds for the classification of normal seeds and
abnormal (diseased) seeds as per standard evaluation measures, i.e., accuracy, specificity, sensitivity and

ROC value (AUC curve)
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Table 8. Results obtained through Weka for the classification of wheat seeds as normal and abnormal

ER g g o g g 8
E .‘3 % ‘q"; 9 % é - g K g g_}“ @
fks | 2| 2| 3] 5§ E| S| 8z| =% E
EANE N I O - I - - s NS Y
o O = &

0.531 0 1 05310693 | 0924 Normal
Misc 0.75 .

(VED) 1 0.469 5 1 0.861 | 0.924 03868 | 0.4027 Diseased
0, .
8083% | ns0s | 0278 | 8 | 0.808 | 0.792 | 0.924 Weighted

5 Avg.
L 1 0 1 1 1 1 Normal
azy .
(IBK) I 0 ! ! ! I 0.0002 | 0.0002 \?/‘S,efe‘;
100% | 0 1 1 1 1 clghte
Avg.
Mot 0.951 0 1 |0951 | 0975 1 Normal
eta
0.96 .
ij{il)aboost 1 0.049 7 1 0.983 1 0.0381 0111 Diseased
98% 098 | 0029 | ®? | 098 | 098 1 Weighted
1 Avg.
1 0 1 1 Normal
Meta -
(Bagging) |— 0 | 1 L 0.0091 | 0.0473 v?;s,efe‘il
86.5% 1 0 1 1 1 1 clghte
Avg.

Following the same pattern as the suggested
approach, both MATLAB and Weka were
utilized when a trained model was created for the
classification of maize seeds into normal and
abnormal classes. Accuracy, TP-Rate, FP-Rate,
TN-Rate, FN-Rate, F-measure, Precision, Recall,
ROC (AUC) Value, Mean Absolute Error, and
Mean Square Error are the typical assessment
metrics that have been used to validate the

results. These studies were conducted solely to
validate and authenticate the findings for cross-

validation purposes. Table 9 shows the accuracy,
true positive rate, false negative rate, positive
predictive value, false discovery rate, and ROC-
curve of the classification results derived from
MATLAB for maize seeds as normal (healthy)

and diseased (abnormal).

Table 9. Results obtained using MATLAB for the classification of normal and diseased corn seeds

S

r Classifier Accuracy TPR FNR PPV FDR ROC

4 value

1 Ensemble( Subspace 84.0% 91% 9% 86% | 14% | 0.88
Discriminant)

2 SVM (Cubic Kernel) 83.5% 89% 11% 87% 13% | 0.87

3 SVM (Quadratic Kernel) 83.0% 90% 10% 85% 15% 0.89

The findings of the Weka machine learning tool's
classification  of and
pathological classes are displayed in Table 10.

corn into normal

Accuracy, TP-Rate, FP-Rate, TN-Rate, FN-Rate, F-
measure, Precision, Recall, ROC (AUC) Value,

Mean Absolute Error, and Mean Square Error
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are the typical assessment metrics that have been findings for cross-validation purposes. The graph
used to validate the results. These studies were that represents the same data is shown in Figure
conducted solely to validate and authenticate the 6.

Corn Seeds Classification as Normal and Diseased

90% 0.89
100.00%
80.00%
60.00%
40.00%
20.00% SVM (Quadratic Kernel)
SVM (Cubic Kernel)
0.00% Ensemble( Subspace Discriminant)
N\ & N & e
é’b(' '\Q <<$ QQ <<Q A’b\\)
9
v %OQ
B Ensemble( Subspace Discriminant) B SVM (Cubic Kernel) B SVM (Quadratic Kernel)

Figure 6. Comparisons of different classifiers on corn seeds for the classification of normal seeds and
abnormal (diseased) seeds as per standard evaluation measures, i.e., accuracy, specificity, sensitivity and

ROC value (AUC curve)

Table 10. Weka results for the classification of corn seeds as normal and diseased

St
: : |
3 g ) ° = L o L:} Z
o 5 g s | = Z = 5 | Ts 7
e £ = | g § 51 S| g | §¢& s
Q0 7 1) 8
I B I S T 2 - - - - -
20 2 = | 8
O g ez
0.858 | 0.374 | 0.823 | 0.858 | 0.84 | 0.769 Normal
Trees 0.274
(Simple cart) | 0.626 | 0.142 | 0.685 | 0.626 | 0.654 | 0.769 ' | 0.4241 Diseased
78.1667% Ve
0.782 | 0.297 | 0.778 | 0.782 | 0.779 | 0.769 cighte
Avg.
Function | 0933 | 046 | 0805| 0.933 | 0.864 | 0.737 | g6 Normal
(SMO) . 0.4435
80.3333 054 | 0.067 | 0.799 | 0.54 | 0.645 | 0.737 Diseased
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0.803 | 0.33 |0.803 | 0.803 | 0.792 | 0.737 Weighted
Avg.
’ 0.866 | 0.384 | 0.821 | 0.866 | 0.843 | 0.769 Normal
Functions
FN
(RB k)etwor 0616 | 0.134 | 0.693 | 0.616 | 0.652 | 0.769 | 0.324 | 0.4054 | Diseased
78.3333% .
* | 0783 | 0302 | 0779 | 0.783 | 078 | 0.769 Weighted
Avg.
0.746 0.354 | 0.811 | 0.746 | 0.777 0.801 Normal
Bayes
(bayesNet) | 0.646 | 0.254 | 0.557 | 0.646 | 0.598 | 0.799 | 0.287 | 0.5284 Diseased
71.3333 —
0.713 | 0321 | 0.727 | 0.713 | 0.718 | 08 Weighte
Avg.
The results obtained for the corn class of seeds 4.2 Comparison with state-of-the-art
are displayed in Table 10. Training and testing methods

have been conducted on 600 photos in total. Of
these 600 photos, 396 were used to train the
suggested approach, and 204 were utilized to test
the suggested system. In contrast to the Simple
CART and RBFNetwork classifiers, which
achieved accuracy measures of 78.17% and
78.33%, respectively, the highest accuracy of
80.33% was produced by the SMO function
classifier, as shown in Table 10. As we can see
from Table 10, the SMO classifier produced

weighted-average TP-rate and precision values of

Table 11 shows the results for cotton, wheat and
corn seeds classification proposed by the
researchers working in the domain of seeds
classification and discrimination. The results
obtained with the reported method have been
compared with the previously published
techniques. It is evident from Table 11 that the
results obtained by the proposed method are
significantly better than all the previously

published methods.

0.803 each.

Table 11. Comparison with the reported approach and the state-of-the-art methods of seeds classification

H, 2015 [90]

learning

Method reported Methodology adopted Classification of Clasmflc;.ltlon
by/year rates achieved
Shatadal, P and Tan, J, Color features in the RGB (red, Soybean Seeds
green, blue) color space and e 99.6%
2003 Classification
Neural Network
- . . Rapeseeds
Kurtulmus, F and Unal, Computer vision and machine Classification into 99.24%

its seven varieties

Local binary pattern algorithm

Classification and

Dead cotton

Wang, Haopeng and Li, (LBP), and gray level co- recognition of (90%)
Hui, 2015 [21] occurrence matrix algorithm impurities in and Barren
(GLCM) (LBP-GLCM) cotton seeds cotton (88%)
Texture Parameters+ Gabor Cotton seeds 83.8%
The Proposed Method Filter+ Co-Occurrence Matrix + Wheat seeds 100%
SVM + Ensembles classifiers Corn Seeds 84.0%
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As we observed from the Table 11, the method
reported by Shatadal, P and Tan, ] only classified
soybean seeds. They have calculated color
features from RGB encoding scheme based
images. Each color component, i.e., red, green
and blue has been used for their color features,
then artificial neural network has been employed
for machine learning. Resultantly, the accuracy
achieved on soybean seeds remained 99.6%,
which is appreciable. However, ANN based
learned model always remained computationally
complex. Further, they have only trained their
model to classify only soybean seeds.

Another approach reported by Kurtulmus, F and
Unal, H classified rapeseeds into their seven
varieties. They also used computer vision and
machine learning models for the classification of
their results. Their reported approach achieved
accuracy for rapeseed as 99.24%, which is also
appreciable. In another approach, investigated by
Wang, Haopeng and Li, Hui for the classification
of cotton seeds has been published in the
literature. They used local binary patterns and
gray level co-occurrence matrix for feature
representation and features extraction. With
their approach, the results remained 90% and
88% for dead cotton seeds and barren cotton
seeds, respectively.

In the reported approach, we have used the
power of Gabor texture filters along with co-
occurrence matrix and other texture parameters.
After having features set extracted through these
techniques, different machine learning models
have been experimented so that a model could be
trained in an optimal manner, which is able to
deal with the classification of cotton, wheat and
corn seeds as normal (healthy) and abnormal
(diseased) ones. Using the proposed approach,
the standard evaluation measures in terms of
accuracy for cotton, wheat and corn remained
83.8%, 100% and 84.0% respectively. The
proposed approach is more efficient in terms of
its computational complexity because it does not
need complex training on each new instance.

4.3 Limitations
Three limitations of this study should be noted.
First, the 100% accuracy reported for wheat

across all four MATLAB classifiers (Table 7), and
for two of the Weka classifiers (Table 8), is
unlikely to generalize. Values of this kind usually
indicate that the normal and diseased wheat
images are separable on an incidental cue —
acquisition session, background, or illumination
— rather than on seed texture alone. Because all
images of a given crop were captured under a
single acquisition protocol, an image-level split
cannot rule out leakage between correlated
images of the same seed lot. A seed-lot-level
(grouped) split, and an independently acquired
test set are therefore required before the wheat
result can be accepted at face value. Second, the
dataset is modest — 600 images per crop — and
was collected from a single source, the
Agriculture  Department,  Bahawalpur, so
performance on seeds from other regions,
cultivars, and imaging devices remains unknown.
Third, the reported figures are point estimates
from a single crossvalidation run; no confidence
intervals or repeated-run variances are given, so
differences of less than one percentage point
between the leading classifiers in Tables 5 and 9
should not be treated as meaningful.

5 Conclusion

The development of automated methods for
classification has been made possible by the
maturation of computer vision and machine
learning models. The simplicity of computation
and the decrease in operator involvement are the
foundations of these methods' applicability in
various realworld wunits. As a result, the
Department of Agriculture is currently receiving
assistance from machine learning, computer
vision, and other relevant fields. Using these
multidisciplinary approaches, a plan was put
forth in this analysis to handle both healthy and
infected seeds for each of the three categories—
corn, wheat, and cotton. The disclosed approach
has employed the Gabor filter for feature
extraction and local histogram equalization as a
pre-processing step. The learned model was
trained using an SVM with a cubic kernel. A
significant number of experiments were
conducted on the three seed datasets to assess the
robustness of the approach, its ability to detect
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deviation from the norm, and its overall
classification performance.
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