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Abstract — Groundnut is an oilseed crop cultivated for food, oil extraction, and industrial
applications. Understanding the engineering properties of groundnut varieties is essential for
reducing postharvest losses and improving design of efficient threshing machines. Manual methods
such as vernier caliper, ruler to measure groundnut pod dimensions are time consuming, prone to
errors, and unsuitable for large scale processing. These limitations contribute to inefficiencies in
threshing, such as increased groundnut pod breakage, foreign material contamination, and poor
machine performance. This research employed machine vision and augmentation techniques to
address these challenges by automating groundnut identification, classification, and sizing.
Principal Component Analysis is applied to analyze the shape, size, and orientation of groundnut
pods, enabling faster, more accurate, and simultaneous measurement of multiple pods far superior
to manual linear measurements. To enhance classification, ResNet 101, a deep Convolutional
Neural Network (CNN), was employed. This model enabled segmentation, feature extraction,
identification and classification of different groundnut varieties such as Ex-Dakar, Jarma, and
Samnut26. The trained model achieved a high accuracy of 98.6% and demonstrated strong
performance across other evaluation metrics. Such as Ex-Dakar achieved 99% precision, 98%
recall, 98% F1-score, and 100% ROC-AUC, Jarma scored 98%, 99%, 98%, and 100% and
Samnut26 recorded 99%, 99%, 99%, and 100% respectively. This study establishes an intelligent
framework for groundnut geometric analysis and classification using machine learning. The
integration of PCA and deep learning not only improves accuracy and reduces human error but
also supports the development of a smart, efficient groundnut threshing system that addresses
postharvest processing challenges in agriculture.
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l. Introduction

problems associated with design, development of a

Groundnuts are essential oilseed crop widely cultivated
for food, oil extraction, and industrial applications [1].
Understanding the engineering properties of different
groundnut varieties is crucial for their identification,
classification, and for designing and optimizing threshing
processes. This research had provides a comparative
analysis of engineering properties and its classification of
three known groundnut varieties Ex-Dakar, Samnut26 and
Jarma. The determination of their physical and mechanical
properties of groundnut pods play an important role in the

groundnut threshing machine for processing, separation,
cleaning and storage [2]. However, these processes have
solved the challenges of lack of precision, reduce high
losses, resulting to optimal performance. The research has
addressed these challenges of lack of intelligent on the
groundnut threshing machine that integrates machine
vision-based classification and machine learning
techniques for groundnut processing.

The machine vision system was able to identify the
groundnuts based on their engineering characteristics and
classified them accordantly for threshing performance
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through the enhancement of machine learning
classification algorithms that was developed and deployed
to the model that was trained and validated for real-time
decision adapting to data capturing, data processing,
model training and testing that aimed to minimizing
groundnut damage while maximizing the threshing
efficiency. This integration will improve the overall
quality, yield, economic, time consume, labour intensity
of groundnut processing. According to [3] reported that
application of Machine Learning (ML), Image Processing
(IP) is attributed to the use of farm mechanization, the
advancement of higher-yielding crop and livestock
varieties, robotics, remote sensing, data analytics,
unmanned aerial and terrestrial vehicles, fertilizer and
pesticide use, and tractor navigation via the Global
Positioning System (GPS).

According to Venkatasaichandrakanth and
Ivapparaja[4] there are many techniques used to classify
various varieties of groundnut. Traditionally, classification
has been performed using the human eye, which is unaided
and often insufficient especially when dealing with
erroneous or visually similar groundnuts. Modern
techniques have become significant for accurate
identification. These involve processes such as
segmentation, feature extraction, and classification.
Machine learning model such as Convolutional Neural
Networks (CNN) have proven excellently in performing
the tasks.

These models primarily focus on predicting groundnut
varieties. They are well suited for image identification and
classification, offering improved accuracy and efficiency.
The results were achieved by fine-tuning the models
parameter, inputting processed images, and embedding
them into the models' layers for training, testing, and
validation and this process enabled accurate identification
of groundnut varieties. The developed model of an
intelligent groundnut threshing machine that integrate
machine vision and machine learning, hereby enhancing
data capture and classification accuracy and will also
improve productivity, reduced losses, and better quality
control in the groundnut threshing processing

I1. Literature Review

The studies of engineering properties of groundnuts for
designing a battery-operated decorticator by [5] become
necessary to examine the physical engineering properties
of groundnuts before developing the decorticator, the
properties influence its design. The key factors considered
included size (i.e., length, thickness, and width) and shape.

A total of 20 samples were measured from a set of 100
groundnut pods. However, the method used did not
incorporate artificial intelligence techniques such as
machine learning models, Copilot, or image generators.
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Instead, it relied on a digital vernier caliper with an
accuracy of £0.02 mm.

Due to structural variations in groundnut pods such as
surface roughness, irregular shape, minute deformations,
and variations in positioning the caliper's jaws, precision
measurement may be affected. Additionally, when
measuring a large sample size of groundnut pods, using a
digital caliper is time-consuming compared to automated
model system.

However, [6] investigated the engineering properties of
groundnut pods for advanced pneumatic pod collection
systems. The study considered eighteen (18) different
groundnut varieties, selecting twenty (20) samples from
each for analysis. A digital vernier caliper was used to
measure the size of groundnut pods in terms of width (W),
length (L), and thickness (T). The results showed that each
variety had different average pod length, breadth,
thickness, geometric mean, and sphericity.

To evaluate the efficacy and efficiency of the
pneumatic groundnut pod collector (GPC), certain
engineering properties of groundnuts must be established.
However, the digital vernier caliper measures only at
specific points, which may not fully capture the true
variability in groundnut, pod dimensions, particularly due
to their irregular shapes. Another researcher [7] worked on
the modification and performance evaluation of a
manually operated groundnut decorticator. Their study
achieved certain results in terms of threshing efficiency
and cleanliness. However, it failed to determine the
groundnut properties required for sieve design and did not
incorporate automation in the threshing process for
improved technology.

Also [2] investigated the engineering properties of
groundnut pods and kernels relevant to the design of post-
harvest machines. The physical properties of groundnuts
were measured using a vernier caliper with an accuracy of
0.05 mm. Twenty (20) samples were selected from a total
of one hundred (100) for measurement. However, a device
with 0.05 mm accuracy cannot effectively reduce
rounding errors, as small variations may not be captured,
leading to less precise data results.

Furthermore, [8] conducted a study on the rupture
resistance of groundnut (SAMNUT22) kernels using a
digital vernier caliper. The three primary pod dimensions
length, thickness, and width were measured with an
accuracy of 0.01 mm. The kernel size was determined for
classification purposes using geometric mean diameter
and sphericity. One limitation of this approach is that
measuring multiple groundnuts individually with a vernier
caliper is slow and labour intensive, making it impractical
for large scale sample analysis. Therefore, there is a need
to improve the method using artificial intelligence
techniques such as principal component analysis. The
research conducted by [9] on the physical and engineering
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properties of three groundnut varieties released by BARI.

A total of 100 groundnut pod samples were randomly
selected, and their dimensions breadth, thickness, and
length were measured using a vernier caliper with a
precision of 0.01 mm to determine their physical and
engineering characteristics. However, measuring a large
number of groundnut pods using a vernier caliper is time-
consuming. Implementing a machine learning model
could significantly improve efficiency and accuracy.
Meanwhile [10] worked on the classification of peanut
images based on multi-features and SVM where he
classified the groundnut pod using three handcrafted
features with SVM each and they achieved a credible
result of accuracy performance. Aspect ratio with SVM
had 96.72% accuracy, HOG with SVM had 81.97%, and
Hu Invariant Moment with had 81.97%.

However, the research has limitation despite with the
good result, the research used limited dataset for the
training of the model which around 202 groundnut pod
this may affect it generalization to real world task, also
using milt-feature such as Aspect ratio, HOG and Hu
Invariant Moment which they are handcrafted method
may not adapt well with the image variations and SVM
worked on smaller data when large number of groundnut
is added it may not compute which can lead to overfitting
and [11] worked on an intelligent classification model for
peanut’s varieties by colour and texture features.

The research proposed a testing method according to
image processing and computer vision the process is good,
fast with high differences in rate. The machine learning
method used were Support Vector Machine (SVM),
Random Forest (RF), and Multilayer Perceptron (MLP)
with an accuracy result of SVM had 86.07%, RF had
82.27% and MLP had 84.9%, thus the research has
shortcoming of using only colour and texture for it
classification which will not captured other important
features that will influence the variety classification. Also
colour features based is sensitive to lighting condition
during image capturing. The dataset for the training is not
justified since only 210 samples were used.

I1l. Methodology
{ DATA COLLECTION |

!

\ DIMENSIONAL REDUCTION |

!

‘ SEGMENTATION ‘

‘ FEATURE EXTRACTION ‘

'

‘ IDENTIFICATION |
[ CLASSIFICATION |

!

\ PERFORMANCE EVALUATION I

Fig. 1: Methodological approach
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Application Using Convolution Neural Network

A. Data Collection

The groundnut pods such as Ex-dakar, Jarma and
Samnut 26, which were obtained from the Muda Lawal
market in Bauchi. A camera with a good resolution of a 20
megapixels was used to capture all the groundnut images
at equal distance of 20cm under the same light intensities.
The research had a dataset of 12,166 images of the
groundnut pods. The Ex-dakar variety had three thousand
seven hundred and thirty-three (3,733) images, Jarma
variety had three thousand nine hundred (3,900) images
and Samnut26 variety four thousand three hundred and
thirty-three  (4,533) images that were captured
respectively.

B. Dimensional Reduction using Principal Component
Analysis

The basic principle of principal component analysis
(PCA) is to reduce the dimensionality of a groundnut
dataset that is made up of many interconnected variables
or properties while preserving the data's variance or
characteristic to a manageable level. The research have
used machine learning model to compute the geometric
parameter of the groundnut pod such as length, width,
through the use of Python (software) PCA library.
Through the following processes i.e groundnut image to
matrix conversion, constructing the dataset, data
centering, covariance matrix and eigen decomposition,
dimensionality reduction, and visualization. Equation 1
was used to compute and established different sizes of
groundnut pods and was adopted from [12].

Geometric Mean Diameter (Dg) = VLXWXT ... (1)
where: L = Length of the seeds

W = Width of the seeds
T = Thickness of the seeds

C. Segmentation

The segmentation was achieved through logical
operations on the saturation and value channels of the
HSV transformed image (colour based segmentation) to
isolate the pod based on its distinctive color, also edge
detection like Canny that the groundnut pod was located
by bounding box, and morphological operations to refine
segmented regions and remove noise. The mathematical
model in equation 2 and 3 which were adopted from [13]

S = 1ifI (x,y)=T

— Loif otherwise - (2)
R =S ..(3)
where | (x,y) = pixel intensity at location (x,y) of
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grayscale image

T = Threshold value chosen that separate the dark
groundnut pod from the light background

S = Binary mask for groundnut pod region

R = Segmented region of the binary mask of the
groundnut pod

D. Feature Extraction

Feature extraction is where the groundnut pod input
images are transformed into higher level informative
representations that are good for image identification and
classification. The groundnut pod images were introduced
through a convolutional layer and filters. These filters
detected features and patterns such as edges, textures,
sizes and shapes of the groundnut pods, and the
convolutional layer processed the input image in a
hierarchical transformation order also, a series of ResNet
where the Pooling layers (max-pooling) reduced the
spatial dimensions of the feature maps without losing any
relevant information. The mathematical model for feature
extraction is expressed in equation 15 was adopted from
[14]

Fpod =d)=f(A,P,AR,H,M) (4)

where F,,, = Segmented groundnut pod
f = feature extraction function that maps raw
segmented image
A= Area of the pod
P= Perimeter of the pod
AR= Aspect ratio of width and height
u = intensity colour value of segmented groundnut
pod
M = Shape moment (Hu invariant moment)
® = Feature extraction

E. Identification

The identification of groundnut pods images using a
machine learning model in Python library that used Keras
model, in which the Fully Connected layer in ResNet of
Convolutional Neuron Network (CNN) is the central
decision maker of the process. Then feature extraction was
performed and data features were also obtained and the
data was also used and trained the machine learning model
which learned the patterns also differentia their individual
features from the labeled datasets automatically. After the
model is validated using separate test data and fine-tuned
the accuracy. Then, the trained model is now used to
identify each variety class by the new unseen groundnut
pods images and the model were evaluated and maps them
as specific output classes as Exdakar, Jarma and
Samnut26, by the Fully Connected layer and we can
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confidently say the pod was identified and even
established confidence score of the models by stating the
percentage of recognition of the groundnut pod. . The
equation 5 was adopted from [15]

HXW xC

I(x,y,c) ER 5)

where H= is height of image
W = is width of image

C = number colour channel
(x,y,) = pixels coordinate

F. Classification

The classification of groundnut pod images
involves using a trained machine learning model, as
Convolutional Neural Network (CNN), that identify and
classified the groundnut pods based on their visual
features automatic. These layers improved the analyses
and differentiated all the three different groundnut pods
varieties by identifying each based on their characteristic.
A labeled image was fed into the model of different
groundnut varieties such as Exdakar, Jarma and Samnut26
and was trained. The mathematical model is given in an
equation 6 and 7 which were adopted from [14]

y= C(Fpod) ... (6)
can also be written as

y= C(@EIxy))) - (7)

where

y = Predicted output class label (Exdakar, Jarma, and
Samnut26)

C = Classifier (CNN layer)

& = Feature extraction

S = Segmentation function

I (x,y) = Input image of the groundnut pod

IV. The Structural layer of Convolutional
Neural Network (CNN)

The Convolutional Neural Network (CNN) is a
machine learning model designed to extract, learn,
recognize features from images and classifier them. Here
in this research the Convolutional Neural Network was
used in identified patterns, shape, and texture of our
groundnut pods and classified them into various classes
accurately, these images are digital in nature. It begins
with an input layer that receives the groundnut pod image
as shown in Fig. 2 and obtained from [16], for the purpose
of preprocessed. However, the groundnut pod images
were trained on ResNet101 platform of CNN according to
the deep learning neural network architecture that consists
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of 101 layers and is built on the concept of residual groundnut varieties such as edges, textures, and object
learning. The model was pre-trained on ImageNet, which shapes.
gave it information of the low-level features of the three

Convolution Pooling Convolution Pooling - 3
o et g\
0P
. - ., . :\'&".“0.1
B '/’ 0.7
input image ~ ‘ ‘L,
Featured Pooled Featured Pooled Flatten /
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Feature Maps Fully connected layer
Feature Extraction || Classification | Probabilistic
R distribution
Fig. 2: Convolutional Neural Network Architecture
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Fig. 3: The ResNet 101 Architecture [17]
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When groundnut pod images of Exdakar, Jarma, and
Samnut26 were introduced, they are resized and
normalized also match the ImageNet dataset
preprocessing, that where early introduced to the
ResNet101 layers and were fine-tuned and classified.
While training the data images, the images are passed
through the residual blocks, which consist of
convolutional layers, batch normalization, RelLU
activation, that helped to preserved important features of
each pods, also the ResNet101 consist of the three layers
such as convolutional layer, pooling layer and fully
connected layers with total 33 residual block (93 layers),
2 initial pooling layers and 2 final fully connected layers
as shown in Fig. 3 also gotten from [17].

The convolutional layers filter the entire input image
and detected the features such as edges, textures, and
shape pod through the use of Rectified Linear Unit
(ReLU) to learn complex pattern and non-linear. The
Pooling layers, such as max pooling, were then used to
reduce the spatial dimensions of the feature maps, making
the network more efficient and focused on dominant
features. This process of convolution and pooling may
repeat several times to form a deep feature hierarchy.
Furthermore, the flatten layer transforms the 2D feature
maps into a 1D vector, which is passed into fully
connected layers that perform high-level operation on the
features. The last layer which is SoftMax layer, which
indicated their outputs like the input image that belong to
each of the groundnut variety class i.e Exdakar, Jarma, and
Samnut26.

This architecture had helped the CNN to learn complex
patterns directly from image data and classify groundnut
pods with high accuracy, even when there is variation in
shape, size, but haven the same color. The model
continues train, learn and extract deeper and more

discriminative features that distinguished between the
groundnut pods types with high accuracy. The used of
ImageNet-pretrained weights speeds up the convergence
and improved the model performance, making it ideal for
groundnut pod image classification task. This method
ensured accurate classification of groundnut pods varieties
and when implemented on the hardware and will
contribute to the intelligent system of groundnut threshing
processing and other processes.

Note:

a = is a Schematics of the ResNet 101 Architecture that
include 33 residual nodes in total

b = the residual node served as building block for the

ResNet 101 Architecture

However, the structural flow of the groundnut
classification method model like CNN had summarize the
entire process as indicated in Fig. 4 and this process was
across all three varieties for well and accurate results. The
labeled images presented in Fig. 5 validated the groundnut
pods dataset was properly prepared for deep learning
model training. Each image in the grid labeled with its
corresponding class name Jarma, Exdakar, and Samnut26,
these confirmed the uniqueness of supervised learning
model was effectively applied. The groundnut pod images
well aligned and resized uniformly standard of 224x224x3
dimensions, ensuring compatibility with CNN
architectures such as ResNet101.

More so, the variation in pod orientation and
positioning within each class helps the model generalize
better, avoiding overfitting. This organized image
confirmed that the dataset is correctly labeled according to
its orientation and angle were analyzed at 0°, 90°, 180° and
270° that assessed classes for reliable geometric features,
learning, training, classification, and evaluation purposes.

Image Pre-
processing

H

Data
Augmentation

H Data Split ]

!

4

[ Training ] [ Validation ]

Performance
Evaluation

Fig. 4: Block Diagram of Classification Model Flow
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Jarma

Exdakar

Samnut

Samnut

Samnut

Samnut

Fig. 5: Groundnut Pod Image Grid of dataset

V. Performance Evaluation of the
Machine Learning model

One of the essential techniques for performance
evaluation of a classification models is a confusion matrix
(decision matrix). This provides insights into how well the
model distinguishes between different classes by showing
the number of correctly and incorrectly classified
instances. According to [18] Accuracy, Precision, Recall,
and F-Score were used to assess the classification
algorithms' performance. The parameter used for the
evaluation are as follows; the True Positives (TP) is the
true correctly predicted label as positive, the False
Positives (FP) is the actual label as negative because of
incorrect prediction, the True Negatives (TN) is the
correctly predicted negatively when label, and the False
Negatives (FN) is the incorrectly predicted as negative
though label true. Below are the parameters used to
evaluate the model performance as adapted [18]
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Fl1=

Accuracy is the ratio of all the correct
classified samples and to the total number of
samples

TP

Accuracy= ————— ... (8)
. i TP+TN+FP+FN o
Precision is the proportion of true positives
out of the total predicted positives
Precision= — ... (9
. TP+FP .
Recall is the proportion of positive samples
of classified as true

TP
Recall = ey ... (10)

F1-Score isthe harmonic mean of recall and
precision

4 Precision=Recall

..(11)

Precision+Recall
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V1. Performance Evaluation of the A. Properties of the groundnut pods

Machine Learning model The Principal Component Analysis (PCA) was
effectively captured the groundnut pods for true geometric
dimensions, regardless of its orientation of the groundnut
images and the results were presented in Fig. 6 to 8.

These present the performance analysis of PCA,
machine learning model using matrices.

8x8 Matrix of Exdakar

1.71 1.72 1.72 1.74 1.75 1.71 1.71 1.71
1.71 1.74 1.68 1.42 153 1.78 1.7 1.7
1.71 1.75 1.57 1.2 071 1.18 1.74 168
1.7 1.73 1.53 1.34 09 0352 152 1.72
1.69 1.72 1.6 1.35 09 045 122 1.75
1.69 1.69 1.67 1.16 041 042 0.89 1.74
168 1.68 1.69 1.68 122 0.78 1.23 1.711
1.67 1.67 1.67 1.64 1.71 1.71 1.67 165

Fig. 6: Geometric diameter of Exdakar variety

8x8 Matrix of Jarma

1.92 1.86 1.75 1.5 132 132 1.52 1.71
191 1.86 151 0.98 0.9 0.93 1.23 1.64
1.95 1.76 1.02 0.79 0.82 0.79 1.17 1.7
1.97 1.3% 037 0.86 1.04 0.81 0.93 1.83
194 1.54 1.16 1.16 1.16 1.24 1.52 1.88
1.93 1.87 1.65 1.61 1.53 1.73 1.89 1.85
1.94 1.93 1.93 1.91 1.91 1.88 1.85 1.85
1.94 193 193 1.91 1.88 1.86 1.86 1.87

Fig. 7: Geometric diameter of Jarma variety

8x8 Matrix Samnut26

1.85 1.87 1.86 1.87 1.89 1.86 1.85 1.85
1.82 1.83 1.86 1.76 1.6 18 1.86 1.84
1.7% 1.82 1.75 1.47 1.34 1.38 1.84 1.81
1.77 1.81 1.57 1.14 1.04 1.15 1.8 1.83
1.74 1.37 1.48 1.03 0.6% 1.2% 1.7 1.8
1.72 1.75 1.28 1.0 092 1.46 1.568 1.78
1.74 1.77 147 0.84 1.1% 1.61 1.73 1.81
1.75 1.73 1.73 1.5 1.48 1.6% 1.77 1.8

Fig. 8: Geometric diameter of Samnut26 variety
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Furthermore, Table 1 presents the summary of the various
sizes of the groundnut images. The Exdakar has the most
variation variety in sizes i.e it has a mixed size of small
and large pods, Samnut26 is consistent stable in size and
evenly distributed and Jarma has the largest size and most
uniform distribution making it the most consistent variety

Application Using Convolution Neural Network

to fine-tune the model’s parameters and prevent
overfitting or underfitting due to the complexity nature of
our data are listed in Table 3. While the remaining 15%
were reserved and test also ascertain the model’s
generalization performance during validation.

in size. TABLEII
DATA TRAINING SET
TABLEI Classification Training Data Validation Testing Data
SUMMARY OF THE GROUNDNUT GEOMETRIC DIAMETER Data
Exdakar 2613 560 560
Parameter Exdakar Samnut26 Jarna Jarma 2730 585 585
Maximum Samnut26 3233 650 650
Size (cm) 1.78 1.89 1.95
Minimum 0.41 0.69 0.77 TABLE IlI
Size (cm)
Moderate TRAINING PARAMETER
variation (0.41 Moderate Moderate
. variation (0.69  variation (0.77 Parameter Typical Value Description
. —1.78 cm),
Size sianificant —1.89 cm), —1.95 cm), _

Distribution g 7 most sizes majority ) Controls the learning process
presltlencedo between 1.5 — between 1.6 — Learning Rate 1x0* during training and update the
smacn[i)o s ( 1.8cm 1.9 cm N fwelth ;

. umber of samples processe
Eairly Ui M_c])(dera_tte Relatively Batch Size 64 before model updates
alrly uniiorm uniformity i i Training iteration times of dataset
Uniformity with some with less unl:‘Tc])rmn\qultlh Epochs 20-100 ’
fluctuations extreme S0 ?I'S a Activation ReLU Introducing non-linearity after
variations outliers Function convolutional layer
Standard image input size (width x
Input Image Size 224 %224 % 3 height x RGB channels) to avoid
error
Weight Decay (L2 1x107* Prevents overfitting by penalizing

B. Machine Learning models

The groundnut varieties were trained on an open-source
of machine learning Python library module where an
algorithms model was developed on ResNet 101 of CNN
and were tested with the dataset as Ex-Dakar, Samnut26
and Jarma and the predictions results were displayed on
the confusion matrix (Decision matrix) table for
performance evaluation through training accuracy and
training loss, Receiver Operating Characteristic (ROC)
and Confidence score. These metrics provided an
assessment that is well comprehensive about the model’s
performance on groundnut classification.

C. Training Dataset

In this research about 12,166 samples of groundnut
pods as dataset was used to train the machine learning
model, which comprise of three varieties of groundnut
pods such as Exdakar, Jarma, and Samnut26, with image
counts of 3,733, 3,900, and 4,533 respectively. The dataset
was divided into three distinct subsets as 70:15:15 ratios
for training, validation, and testing purposes as indicated
in Table 2. This means that for each groundnut variety,
70% of the images were allocated for training the model,
that enable it to learn the specific groundnut variety, 70%
of the images were allocated for training the model, that
enable it to learn the specific features of each pod variety.
Subsequently, 15% of the images were used for validation
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D. Confusion Matrix of CNN and VIT

The groundnut data images were trained on the models
and the results were analysed using confusion matrix on
how well the model classified the three varieties of
groundnuts Exdakar, Jarma, and Samnut26 as shown in
Fig. 9a and 9b.

Confusion Matrix

600

Ex-dakar
500

Jarma
300

True label

200

Samnut
- 100

Samnut

Jarma

Predicted label

@

Ex-dakar
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True Labels

Jamma Exdakar

Samnut

Confusion Matrix

120
2 3 100
80
7 12 L.
-40
1 9 122 -
-0
Exdakar Jamma Samnut
Predicted Labels
(b)

Fig. 9: Confusion matrix of (a) CNN model and (b) VIT

model

E. Training and Validation Accuracy of CNN and VIT

Accuracy

Model

The graph in Fig. 10 is the accuracy performance of the
machine learning model in terms of training and validation
accuracy over multiple epochs. The training accuracy is in
blue line while the validation accuracy is in orange line.

Accuracy

1.0

Model Accuracy

——— Train
——— Validation

10 15 20

Epoch

@

25 30 35 40

Model Accuracy

— Train

— Validation

(b)

Fig. 10: Training and Validation accuracy of (a) CNN model and (b)

VIT model
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The training and the validation loss which are represented
both in blue line and orange line as indicated in Fig. 11
which expresses the performance of the machine learning
model in terms of training and validation accuracy across
multiple epochs.

Model Loss

n = Train
~— Validation

10 15 20 35 40

Epoch

@

25 30

Model Loss

— Train
L6 1 — Validation

Epach
(b)
Fig. 11: Training and Validation loss of (a) CNN model and (b) VIT
model

F. Receiver Operating Characteristics

The Receiver Operating Characteristic (ROC) curve
shown in Fig. 12, presents the performance evaluation of
a multi-class classification model distinguishing between
the three classes Exdakar, Jarma, and Samnut26.

Receiver Operating Characteristic (ROC) Curve

10 >

0.8 -

True Positive Rate
o
o
N,
Y

o
-
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0.2 4

4 = ROC curve (area = 1.00) for class exdakar
r = ROC curve (area = 1.00) for class jarma
- —— ROC curve (area = 1.00) for class samnut26
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False Positive Rate

Fig. 12: Receiver Operating Characteristics
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G. Confidence Score

The confidence score presents the ability of the model
to detect the groundnut pods images from the neural
network and assigned the confidence score of each class
of the groundnut pods such as Exdakar, Jarma and
Samnut26 The model reads pixel patterns based on the
groundnut pod image orientation that passed through
convolution and pooling layers, which extract features
texture, shape, and size unique of the groundnut variety as
shown in Fig 13 and the confidence score of the three

varieties are shown in Table 4.
Pred: exdakar (99.37%)

True: 1 True: 2

Pred: jarma (99.99%)

Pred: exdakar (95.77%)

Pred: jarma (99.72%)

True: 2 True: 3

Pred: samnut26 (100.00%)
True: 3

Application Using Convolution Neural Network

TABLE IV
CONFIDENCE SCORE OF EACH GROUNDNUT
Confidence Confidence Confidence
Class Score of First Score of Second Score of Third
Variety (%) Variety (%) Variety (%)
Exdakar 99.37 95.77 99.73
Jarma 99.55 99.99 99.72
Samnut26 99.90 100 100

Pred: exdakar (99.73%)
True: 3

Pred: samnut26 (99.90%)
True: 1

Pred: jarma (99.55%)
True: 1

Pred: samnut26 (100.00%)
True: 2

Fig. 13: Confidence Score of Three Varieties of Groundnut

H. Performance Evaluation of CNN

The performances of the model were evaluated using
the following Accuracy, Precision, Recall and F1-Score as
shown in Table 5.

TABLE V

MACHINE LEARNING MODEL PERFORMANCE (CNN)
Groundnut  Accuracy Precision Recall F1- ROC

Pod Score

Varieties

Exdakar 99 98 98 100
Jarma 98.6 98 99 98 100
Samnut26 929 99 99 100

VII. Discussion

The physical and the engineering properties of different
varieties of the groundnut such as Exdakar, Jarma, and
Samnut26 were achieved using principal component
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analysis (PCA) from Python modules math. This research
targets the dimensional reduction of the groundnut pods to
established its different sizes for the purposed of having a
quality threshing efficiency of the groundnut seeds. The
engineering properties obtained, will now be used to
develop a concave (screen) clearance space gap of each
variety due to their differences in sizes, this process will
improved the performance of the groundnut threshing
machine.

The principal component analysis is the automated
digital method used in determining groundnut pods sizes
within a short time with high precision unlike the used of
digital vernier caliper which is time consuming, error
prone and fatigue when used [19], also [20] who used ruler
to measured groundnut pod parameter with excessive error
and low threshing efficiency The PCA method was
achieved through the following process as groundnut
image to matrix conversion, constructing the dataset, data
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centering, covariance matrix and eigen The ResNet101 of
Convolution Neural Network was the model used for the
feature extraction, identification and classification due to
its ability and strength of handling complex image for
analysis.

During the training, the groundnut pod images
undergoes different transformations that improved its
generalization such as flipping, scalable, rotation of 00,
900, 1800 and 2700 degrees, resizing, blowing and
cropping to a dimension of 224x224 pixels especially
when dealing with imbalanced or limited data set for
model performance. Traditional machine relied based on
operator selection feature of their physical and
engineering properties using their domain skill knowledge
which is seen as setback engineering practice, time
consuming and error prone due to worker fatigue that led
to more minor error resulting to misalignment and
misclassification during operation [17].

However, the introduction of deep learning approach
adopted in this research has addressed such problem [22]
stated that the invention of ResNet was a great important
in the development of CNN in which ResNet had outshine
previous models in image processing, detection and
recognition for it variant differ in layers. The research data
were divided into 70% for training, 15% for validation and
fine-tune the parameters in order to avoid underfitting, and
overfitting for better performance and generalization of
the model while the remaining 15% was allocated for
testing to revalidated the performance of the new, unseen
data as presented in Table 2.

The model underwent training for 40 epochs with a
batch size of 64 samples. The models utilized a hyper
parameter of learning rate of 0.0001, activation function
of Rectifier Linear Unit, image input size of 224 x 224 x
3 and to have well performance weight decay (L2) was
applied. The model has good performance as shown in
Table 3, this is because the ResNet101 has properties of
33 residual note with 93 layers at the convolution layer
neck, Initial Conv and Pooling with 2 layer each while
Final Pooling and Full Connected also has 2 layer each.
The ResNet has a total 101 layers, these made it a
successful model in handling complex image, converging
easily during training, haven significant high
performance.

The model demonstrated high accurate prediction and
formed a confusion matrix as shown in Fig. 9, where the
correct classified results was presented in a diagonal with
dark blue colour while the misclassifications were
represented in off-diagonal. Exdakar was classified as 548
varieties and was also misclassified 10 varieties as Jarma
and 2 varieties as Samnut26. Jarma was classified as 577
varieties and was also misclassified 3 varieties as Ex-dakar
and 5 varieties as Samnut26. Likewise, Samnut26 was
classified as 645 varieties and was also misclassified 3
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varieties as Exdakar, and 2 varieties as Jarma. The
confusion matrix comparatively shows low rate of
misclassified varieties which mean the model
performance was achieved.

The graph in Fig. 10 explained the accuracy
performance of the machine learning model in terms of
training accuracy and validation accuracy over multiple
epochs. The training accuracy which is the blue line and
validation accuracy which is the orange line had both
shown a consistent upward trend in learning, starting from
approximately 30% to 100% and 20% to 100%
respectively across multiple iterations of 40 epochs. This
indicated that the model learned effectively from the
training data while maintaining a high degree of
generalization to unseen validation data, the closed
alignment between training and validation accuracy
curves which signified a very minimal overfitting also
making the model more robust.

However, Fig. 11 shows the loss graphs which present
the training loss and validation loss trajectories across 40
epochs, providing the learning dynamics of the deep
learning model. Both the training loss and validation loss
exhibit a consistent downward trend, indicating successful
convergence and effective learning. The validation loss
closely tracks the training loss throughout the epochs
without significant divergence, and the model generalizes
well to unseen data and there was no overfitting.
Furthermore, the steady reduction in both losses stabilizes
at a very low range approximately 2% these imply that the
training and validation processes is very effective and the
model minimizes the error function efficiently.

The Receiver Operating Characteristic (ROC) curve
shown in Fig. 12, as a graphical representation of a
diagnostic model that presents the performance evaluation
of a multi-class classification model that distinguished
between the three classes Exdakar, Jarma, and Samnut26.
The ROC curve plots the true positive rate (sensitivity)
against the false positive rate (1-specificity) for different
classification thresholds. The Area under the curve (AUC)
for all three classes of groundnut pod is 1.00 indicating
perfect classification performances.

An AUC of 1.00 implies that the model has achieved
complete separate between the positive and negative
instances for each class, with good classifications.
However, for confidence score represents the certainty of
the model about the groundnut identification and its
prediction on all the three varieties Exdakar, Jarma and
Samnut26 images as shown in Fig. 13, the model
identified the groundnut pod with the following
confidence score Exdakar had 99.37, 95.77, and 99.73 %,
Jarma have 99.55, 99.99, 99.72 %, and Samnut26 have
99.90, 100 and 100 % respectively, which indicated a very
high certainty in its identification. Therefore for this
research the model had attended its threshold. Where the

IJEEAS Vol. 9, No. 1, April 2026



Development of a Machine Learning Digital Image Models of Groundnut Pods for Intelligent Threshing Machine

confidence score is below 50% the model is said to be
unreliable and uncertainty while Table 4 summarized the
confidence score that were assigned by softmax in ResNet
101 of Convolutional Neural Network.

Therefore, Table 5 presents the performance evaluation
of machine learning models classification of the three
varieties of the groundnut pod with an Accuracy of 98.6%.
These was another performance model analysis of
Precision performed by the machine learning model
ResNet 101 of CNN across three groundnut varieties,
which achieved the precision of Exdakar is 99%, Jarma is
98% and Samnut26 is 99% these indicated that the model
had strong classification reliability by minimizing the
false positive. The Recall model also achieved the
performance as follows Exdakar is 98%, Jarma is 99% and
Samnut26 is 99%, which means that the model is capable
of minimizing the false negatives in groundnut
classification.  Furthermore, the F1-Score model
performed as Exdakar is 98%, Jarma is 98% and
Samnut26 is 99% respectively, this means that the model
was able to minimize both false positive and false negative
of the model.

The comparatives analysis performance of the models
accuracy among different models Convolutional Neural
Network (CNN), Vision Transformer (ViT) in Fig. 9,10
and 11 where the CNN performance is better than VIT, the
CNN has accuracy of 98.6% while VIT is 91%, also CNN
training and validation of accuracy and loss model is better
than that of VIT.

VII1I. Conclusion

In conclusion, the images of the groundnut pods were
successful captured, and their sizes were analyzed and
determined across different groundnut varieties, as shown
in Fig. 11, 12, and 13. Exdakar had a minimum size of 0.41
cm and a maximum of 1.78 cm, Samnut26 ranged from
0.69 cm to 1.89 cm, while Jarma ranged from 0.77 cm to
1.95 cm. These measurements were achieved using
Principal Component Analysis (PCA). Also a robust
dataset of the groundnut pod was formed.

The groundnut pods images were cropped, image
processing algorithms of the groundnut pod was also
developed and achieved for image enhancement. An
augmentation technique was effectively implemented that
improved the quality of the real-time image processing
that ensured robustness and consistency in feature
extraction.

Furthermore, machine learning model was successful
developed, trained, and validated and also the groundnut
pods were classified and their validation test were
presented in matrix with good performance classification
with little misclassification.

Lastly, the performance evaluation of the model was
conducted using performance metrics such as accuracy,
precision, recall, F1-Score and ROC were used to assess
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the model, the analysis across each varieties were as
followed, Ex-dakar had Precision of 99%,Recall of 98%,
F1-Score of 98% and ROC 100%. Jarma had Precision of
98%, Recall of 99%, F1-Score of 98% and ROC 100%.
While Samnut26 achieved Precision of 99%, Recall of
99%, F1-Score of 99% and ROC of 100%. Therefore
Samnut26 variety performed the best across all varieties
and in conclusion the model had attested to the
engineering practices through improving technology and
human socio-economic benefit if applied to real life with
a better efficiency.
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