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Abstract

Purpose: This study aims to automate the identification of grain varieties and select the most suitable wheat genotypes
for specific ecological conditions using Artificial Intelligence (Al)-based systems. The goal is to facilitate high-yield and
high-quality production through pre-sowing analysis.

Method: Seeds from nine wheat genotypes with different qualities were used, and cross-sections of the wheat genotypes
were photographed under a light microscope to create a specialized dataset. A Convolutional Neural Network (CNN)-
based automated wheat identification framework was then proposed, utilizing both shallow and deep architectures.
Findings: The experiments confirm that CNN-based methods are highly effective in extracting distinctive features from
wheat bran and accurately identifying wheat seed varieties.

Conclusion: The research successfully distinguished nine varieties and found that a simpler model (ResNetl8)
outperformed deeper networks, offering a practical solution for agricultural verification.
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Optik mikroskopi ve derin 6grenme kullanilarak kepek katmanindan bugday tohumlarinin tanmimlanmasi
Ozet

Amag: Bu calisma, Yapay Zeka (YZ) sistemleri kullanarak tahil iirlinlerini otomatik olarak tanimayi1 ve belirli bir ekim
alanina en uygun bugday genotiplerini segmeyi amaglamaktadir. Bu sayede, yiiksek verimli ve kaliteli iiretim
hedeflenmektedir.

Metod: Farkli kalitelere sahip dokuz bugday genotipinden alinan tohumlar kullanilmis ve dzel bir veri seti olusturmak
icin bugday genotiplerinin enine kesitleri bir 151k mikroskobu altinda fotograflanmistir. Daha sonra, hem s1g hem de derin
mimarilerden yararlanan, Evrisimli Sinir Ag1 (CNN) tabanli otomatik bir bugday tanimlama ¢ergevesi dnerilmistir.
Bulgular: Yapilan deneyler, CNN tabanli yontemlerin bugday kepeginden ayirt edici dzellikler ¢ikarmada ve bugday
tohumu c¢esitlerini dogru bir sekilde tanimlamada oldukga etkili oldugunu dogrulamaktadir.

Sonug: Arastirma, dokuz ¢esidi basariyla ayirt etmis ve daha basit bir modelin (ResNet18) daha derin aglardan daha iyi
performans gdstererek tarimsal dogrulama icin pratik bir ¢dziim sundugunu ortaya koymustur.

Anahtar kelimeler: derin 6grenme; optik mikroskopi; tohum analizi; bugday;siniflandirma
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1. Introduction

Automatic grain sorting systems can reduce labor and administrative costs while minimizing human error and
improving efficiency. In plant taxonomy, macro- and micro-morphological characteristics are often used alongside
molecular techniques for diagnosis. However, identifying a taxon based on these traits requires extensive expertise and
can only be performed by specialists. Another challenge is that plant identification typically requires the entire plant or at
least specific parts with distinguishable characteristics. For wheat genotypes, seed identification is particularly difficult,
since producers often supply seeds directly for planting. Accurate, cost-effective, and non-specialized identification of a
specific genotype requires an in-depth botanical and seed analysis. For this purpose, several studies have investigated
various wheat seed characteristics [1-4]. However, there remains a significant research gap in terms of both (1)
determining which characteristics of wheat genotypes yield more distinct or precise results and (2) identifying which
classification technique is most effective for these distinctive features [5; 6]. Therefore, the identification of wheat seeds
is a critical factor in determining their chemical and physical properties during grain processing [7]. Additionally,
categorizing wheat grain genotypes at the lowest possible cost directly impacts their sales price in the food industry.

The outer layer of the wheat grain, known as the bran, is composed of three main anatomical structures: the
pericarp, testa, and aleurone layers, all of which are rich in structural polysaccharides (cellulose and hemicellulose) and
phenolic compounds. The thickness of these layers, cell wall architecture, phenolic composition, and degree of
lignification exhibit substantial variation depending on the wheat genotype [8]. In particular, the cellular arrangement,
thickness, and phenolic profile of the aleurone layer emerge as key parameters with strong potential for genotype
discrimination [9]. Moreover, significant differences in antioxidant capacity and phenolic content of the bran layer have
been observed among different wheat genotypes, highlighting their potential for biochemical genotype differentiation
[10]. These anatomical and chemical differences can be characterized through microscopic analyses, spectroscopic
techniques, and profiling of bioactive compounds, and may serve as biomarkers for genotype identification. In conclusion,
the morphological and chemical structural features of the bran layer hold considerable potential for the classification of
wheat genotypes and for applications in quality assessment studies.

In this study, a Convolutional Neural Network (CNN)-based framework is developed to automatically
classify nine different wheat grain genotypes (Yubileynaya, Bayraktar-2000, Esperia, Konya-18, Krasunia, Maden-2,
Misiia, Nacibey, and Syrenia) using microscopic bran images. These genotypes are widely used for commercial purposes
in Turkey's food industry. To capture the distinguishing characteristics of each wheat genotype, a custom dataset was
created by imaging seed cross-sections from the selected varieties under a light microscope (LM) at 400X magnification.
Precise determination of the bran layer's variation ranges for each genotype is essential for differentiation based on bran
features. After preparing the dataset to represent these variation ranges, a denoising filter was applied during
preprocessing. To enhance the discriminative features of the microscopic bran images in the CNN, the dataset was
augmented using various image processing techniques, including flipping, horizontal/vertical shifts, rotation, and others.
Key contributions of this study:

1  Presenting a cost-effective and practical CNN-based framework for wheat genotype identification using
microscopic bran images.

2 Establishing a foundation for selecting high-quality genotypes based on bran characteristics for future
research.

3 Evaluating the performance of different CNN architectures and recommending the most reliable one
for wheat genotype classification.

Image classification is one of the most widely used automatic identification and labeling techniques in computer
vision and is now successfully applied in both industrial production processes and agriculture. It is also commonly used
in automated grain classification, seed testing, and certification processes. Machine learning-supported image
classification techniques can generally be divided into two categories: traditional methods and Deep Learning (DL)-based
methods. While discriminative features are manually determined in traditional methods, DL-based methods automatically
extract image features through convolutional layers, max-pooling, and fully connected layers. With the increasing
prevalence of agricultural modernization in recent years, DL-based approaches have found widespread application in
agricultural cultivation, including species classification, plant disease detection [11], and crop yield estimation [12].

CNN-based methods have achieved significant progress in end-to-end artificial intelligence for wheat genotype
categorization [13; 14]. These methods can efficiently handle large amounts of microstructural image data by leveraging
powerful computational capabilities. [15] adopted a different approach using CNN technology to identify nine wheat
genotypes from grain surface images captured via Scanning Electron Microscopy (SEM). In SEM, spatial resolution
depends on both the size of the electron beam and the volume of the sample interacting with it. However, SEM imaging
is costly and lacks portability. The CNN methodology requires careful hyperparameter tuning, which involves training
multiple models with different configurations and selecting the optimal one. During training, it is essential to ensure that
the model converges while avoiding overfitting or underfitting. Some recent state-of-the-art CNN architectures include
Very Deep Convolutional Networks (VGGNet) [16], Dense Convolutional Networks (DenseNet) [17], Residual Neural
Networks (ResNet) [18], MobileNet [19], and EfficientNet [20].
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The remainder of the paper is structured as follows: Section 2 provides a detailed description of the proposed
framework, including preprocessing steps, experiments conducted using both perceptual and classical quality criteria, and
the methodology’s effectiveness. Section 3 presents a comparative analysis of the results against existing wheat
classification methods. Finally, Section 4 summarizes the key contributions and suggests potential directions for future
research.

2. Materials and methods

Inspired by previous studies, we propose a CNN-based identification method that offers a simple and low-cost
technique for wheat identification using microscopic wheat bran images. A new microscopic wheat seed dataset was
created using wheat bran samples, comprising nine wheat genotypes and a total of 1368 images. Figure 1 shows
representative microscopic wheat bran samples. The selected wheat cultivars cover a wide range of bran types and grain
size distributions. Within the scope of this study, the Nikon 80i light microscope, which supports various imaging modes
such as bright field, dark field, phase contrast, and polarized light, was utilized for the visualization of the bran layer. This
advanced optical system is widely preferred for the examination, imaging, and quantitative analysis of structural features
in cross-sections derived from wheat grains as well as other biological specimens prepared through diverse histological
techniques. The system offers a significant advantage in enabling clear morphological differentiation of histological layers
within the bran, such as the pericarp, testa, and aleurone, particularly in transverse sections of wheat, owing to its high-
contrast imaging capability. Through the integration of a digital camera and analysis software, high-resolution images of
the samples can be acquired, allowing objective measurements and archiving of visual data. However, one of the primary
limitations encountered during measurement is the presence of artifacts originating from sample preparation. In particular,
uneven section thickness, improper placement on slides, or tissue deformation may compromise the clarity of layer
boundaries, thereby reducing measurement accuracy. For this reason, special attention was given during sectioning to
ensure uniform thickness and homogeneity of the tissue samples in alignment with the objectives of the study. Cross-
sections of wheat grains were manually prepared from the examined cultivars using a scalpel. All sections were then
photographed with a Nikon 80i light microscope. To account for structural variability in the wheat bran, 25-50
microphotographs were taken from each genotype.

(b)
Figure 1. Wheat bran samples analyzed in this study (a) Yubileynaya and (b) Esperia samples

Input images are fed into shallow models (EfficientNetBO and ResNet18) and deeper models (EfficientNetB4,
EfficientNetV2S, Inception-v4, and EfficientNetV2M) to train a large number of filters of increasing depth within the
given CNN architectures. The performance of the CNN models was enhanced through data augmentation and image
processing techniques. Additionally, objective evaluation metrics (accuracy, sensitivity (recall), specificity, precision,
and F1-score) were calculated to ensure a fair assessment.

CNNs represent the most advanced structure of ANNs (Artificial Neural Networks), inspired by the human brain,
and have been widely adopted in signal and image processing applications. This article presents a CNN-based recognition
method capable of extracting discriminative features for wheat genotype identification from microscopic bran
images. Figure 2 illustrates the methodological workflow of the automated wheat seed prediction system based on bran
characteristics. The subsections cover the following:

1 A custom dataset of microscopic wheat bran images was generated, demonstrating its potential as a benchmark
for DL-based applications in breeding research.

2 The proposed wheat genotype categorization approach was outlined, with feature extraction performed using
residual networks, CNN groups, and inception networks. Data augmentation techniques were applied before
feeding the input images into the models.
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2.1 Data Acquisition

Data was collected at the Transitional Zone Agricultural Research Institute of the Republic of Turkey's Ministry
of Agriculture and Forestry. The study included nine different bread wheat genotypes: Yubileynaya, Bayraktar-2000,
Esperia, Konya-18, Krasunia, Maden-2, Misiia, Nacibey, and Syrenia. Among these, four genotypes (Bayraktar-2000,
Konya-18, Maden-2, and Nacibey) are of Turkish origin, while the other five (Yubileynaya, Esperia, Krasunia,
Misiia, and Syrenia) are of foreign origin. Six of the genotypes (Yubileynaya, Bayraktar-2000, Krasunia, Maden-2,
Misiia, and Nacibey) are suitable for dryland agriculture, whereas the remaining three (Esperia, Konya-18, and Syrenia)
are suitable for irrigated agriculture.

2.2 Data pre-processing

The microscopic raw images have a resolution of 4272 x 2848 pixels, a density of 300 DPI, and are in JPEG
format. Instead of extracting square patches, we extracted non-overlapping patches of size 356 x 890 x 3 from each image
to measure wheat bran thickness. In deep learning, splitting the dataset into training, testing, and validation subsets is
crucial for evaluating model performance and generalization ability. Due to the limited dataset size, a smaller portion was
allocated for validation and testing, allowing more data to be used for training. The dataset consisted of 1368 bran images,
divided into training, testing, and validation sets in an 8:1:1 ratio specifically, 1094 patches for training, and 136 patches
each for testing and validation. Before training, image pixels were normalized to the [0, 1] range to ensure numerical
stability. The initial stage of deep learning typically involves input preprocessing. To enhance classification stability and
robustness i.e., to extract meaningful features, we applied image processing techniques such
as cropping and denoising before feeding the data into the CNN model. Unnecessary regions were removed via cropping,
and a bilateral filter was used for noise reduction while preserving image details.

2.3 Data Augmentation

Data augmentation is another strategy to reduce the risk of overfitting and underfitting while learning invariant
features that improve model performance and robustness. Therefore, we thoroughly evaluated the data augmentation
process before training. To stabilize the training process, we applied four distinct data augmentation techniques: rotation,
normalization, and horizontal and vertical flipping. By implementing these four augmentation methods (detailed in Table
1), we expanded the original dataset to 4704 brain images to achieve the desired accuracy. The second and third columns
of the table specify the function names and their corresponding invariant parameters, respectively.

Table 1. Data augmentation techniques with their parameters
Technique | Augmentation | Parameters
Number | technique

1 Rotation -30° to 30°

2 Horizontal Flip | 0.5

3 Vertical Flip 0.5

4 N lizati mean | : | 0.485, 0.456, 0.406
ormatization £ [10.229, 0.224, 0.225

In deep learning, data augmentation is a highly effective technique for improving a model's generalization ability
and preventing overfitting. However, the optimal augmentation rate depends on the dataset, model complexity, and the
nature of the problem. Due to the small size of the dataset used in this study and the tendency of complex models like
Inception-v4 and EfficientNetV2M to overfit, we adopted an aggressive data augmentation strategy, expanding the dataset
by 300%. However, excessive augmentation can hinder learning and lead to underfitting.

2.4 Experiments

Optimizing CNN models is crucial for managing hardware resources and energy requirements. Therefore,
considering the parameter sizes of the models, the input images were resized to 300x300 pixels for ResNetl8,
EfficientNetBO0, EfficientNetV2S, and Inception-v4, and 150x150 pixels for the larger models, EfficientNetB4 and
EfficientNetV2M, to ensure compatibility with each network. All networks were pretrained using 14 million annotated
images from the noisy student database [21]. To construct the optimal model, a 5-fold Cross-Validation (CV)
technique was employed. In traditional training processes for DL-based models, the most common methods to improve
performance include increasing the width, depth, and resolution of the inputs, as well as selecting the most appropriate
hyperparameters, such as batch size, epoch count, and learning rate. All experiments were conducted in Python v3.7 on a
platform equipped with a 2.0 GHz Intel Xeon CPU and an NVIDIA Tesla T4 GPU (13 GB). The training process used
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the following hyperparameters: 40 epochs, a batch size of 16, and an initial learning rate of 1e-4. The Adam optimizer was
selected to achieve the best results from the network.

An activation function determines the output value of a neuron based on its input and introduces nonlinearity
into ANNs. For example, a rectified linear unit (ReLU) serves as the default activation function in ResNetl8 and
Inception-v4, whereas EfficientNetBO/EfficientNetB4 and EfficientNetV2S/EfficientNetV2M use a sigmoid linear unit
(SiLU). However, ReLU has some weaknesses, including a non-zero mean, the vanishing gradient problem, and
unbounded output. These issues are less significant in shallow networks with only a few layers. However, in deeper neural
networks, they can lead to trivial gradients and reduced generalization ability.

3. Results

Upon reviewing the experiments in Section 2, we conducted extensive quantitative performance evaluations of
bran characterization using microscopic imaging for wheat genotype identification. For this purpose, based on CNN
algorithms, we not only performed feature recognition and evaluation but also analyzed the results using objective
performance criteria.

3.1 Performance analyses and verification

Since wheat genotypes are very similar, CNNs often require large amounts of annotated image data to accurately
learn features and reliably distinguish between classes due to the complexity of the problem. We conducted extensive
experiments using six different state-of-the-art, pre-trained deep CNN architectures with Noisy Student weights on the
same dataset. Notably, we used identical train/test sets across all networks in each analysis, along with a 5-fold cross-
validation method (averaged over five iterations) to determine the optimal model.

We obtained the classification performance from 5 replicate tests with accuracy, sensitivity (recall), specificity,
precision and fl-score and presented them as a combination of mean(p)+std. Mathematical expressions of the statistical
metrics are given followings:

Accuracy =(TP+TN) /(TP +TN + FP+FN) )
Sensitivity( Recall )= TP / (TP + FN) (2)
Specifity=TN / (TN + FP) (3)
Precision=TP /(TP + FP) “
F1—Score =2x (Precisionx Re call) / (Precisi0n+ Re call) ®)

True positives (TP) and True Negatives (TN) represent correctly identified positive and negative samples, while False
Positives (FP) and False Negatives (FN) correspond to incorrectly identified negative and positive samples, respectively.
The accuracy of the independent test data was calculated using Equation (1). Sensitivity measures how well a CNN model
detects positive instances, whereas specificity refers to the proportion of actual negatives predicted as negative (true
negatives). Sensitivity (recall) and specificity were calculated using Equations (2) and (3), respectively. The F1 score is
given in Equations (5); it is a statistical metric that evaluates model accuracy and is defined as the harmonic mean of
precision (Eq. 4) and recall (Eq. 2). Table 2 presents the parameter sizes, training times, and statistical metrics for each
CNN model, along with a comparison of results based on activation functions.

Table 2. Identification performance of the CNN models

Model Is’{azzameter :;‘:::l(?ngin) Accuracy | Sensitivity | Specificity | Precision F1-score

EfficientNetBO 4.0M 28.92 97.16+£0.43 | 87.4442.03 |98.38+0.25 |88.24+1.83 |87.51+1.91
ResNet18 11.18M 16.96 97.67+0.15 | 90.03+0.67 |98.79+0.08 |90.50+0.83 | 90.06+0.70
EfficientNetB4 17.56M 23.12 95.81+£0.42 | 81.4742.06 |97.63+0.23 |81.74+2.13 | 81.29+2.07
EfficientNetV2S |20.19M 49.50 97.56+0.25 |89.33+1.32 |98.61+£0.14 |90.10+1.31 |89.45+1.33
Inception-v4 41.15M 64.67 96.83+0.37 |86.01+1.48 |98.20+0.20 |86.72+2.43 |85.97+1.76
EfficientNetV2M | 52.87M 31.82 96.59+0.17 |85.01+0.98 |98.06+0.10 |85.78+0.61 |85.04+0.72

As the table shows, deeper models resulted in longer training times, with the Inception-v4 model taking 64.63
minutes. In contrast, ResNet18 with the default ReLLU activation function achieved better performance scores than other
CNN models while having the shortest training time (16.93 minutes). Interestingly, the ResNet18 model demonstrates
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better convergence despite having a parameter size close to that of EfficientNetB4. The test accuracies of ResNet18 and
EfficientNetB4 are 97.67 + 0.15 and 95.81 + 0.42, respectively. It should be noted that all test images are independent of
the training sets. Moreover, EfficientNetB4 has the lowest sensitivity score (81.47 + 2.06) and F1-score (81.29 £ 2.07).
On the other hand, deeper models like EfficientNetV2M and Inception-v4 exhibit worse precision (85.78 +0.61 and 86.72
+ 2.43, respectively) compared to shallower models such as ResNet18 (90.50 + 0.83) and EfficientNetBO0 (88.24 + 1.83).
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Figure 2. Overview of the CNN-based wheat genotype prediction system (a) Collection of wheat bran images from nine
wheat genotypes. (b) Data augmentation as a pre-processing step. (¢) The architecture/structure of the CNN network.
(d) Evaluation of the model on test images. (e) Results

3.2 Statistical Comparison

A Receiver Operating Characteristic (ROC) curve is a graphical illustration used to evaluate the discriminative
power of a test and identify a suitable threshold value. It is plotted by connecting the points corresponding to the true
positive rate and false positive rate at each cutoff point. When the curve approaches the upper left corner, the diagnostic
test maintains a higher true positive rate, indicating well-established specificity and sensitivity. Additionally, the Area
Under the Curve (AUC) provides a numerical representation of the overall effectiveness of the diagnostic method. In
Figure 3, the AUC values were calculated for each class to evaluate the performance of the models and were plotted along
with the ROC curve. Based on the ROC curves, the EfficientNetV2S model achieved the highest macro-average AUC of
0.99. The AUC values for the Bayraktar and Nacibey cultivars were 1.00 across all models. Although the Inception-v4
model yielded the lowest AUC value (0.96) for the Yubileynaya genotype, the EfficientNetV2S and ResNetl8
models achieved the highest value (0.98).

3.3 Comparison with state-of-the-art

This section provides a brief discussion of common wheat seed classification approaches documented in the
literature, as summarized in Table 3. [14] developed a CNN-based wheat classification method using 15-class RGB
images. While they achieved a test accuracy of 97.33%, they noted that convolutional layers are slow and computationally
expensive. As a result, they recommended using a smaller batch size to speed up the training process. Among the most
common CNN architectures for wheat seed recognition are DenseNet201, InceptionV3, and MobileNet. [13]
demonstrated the feasibility of identifying wheat varieties based on the dorsoventral view of the grain, regardless of origin,
achieving test accuracies of 95.68%, 95.62%, and 95.49%, respectively. While DenseNet201 and InceptionV3 showed
better compatibility with the input data, MobileNet exhibited overfitting after 50 epochs.
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Figure 3. The ROC curves of the CNN models on the test dataset: (a) EfficientNetBO, (b) ResNet18, (c) EfficientNetB4,
(d) EfficientNetV2S, (e) Inception-v4, and (f) EfficientNetV2M

Wheat quality varies depending on the genotypes used for cultivation. [22] developed SVM and ANN-based
methods to classify seven Iranian wheat genotypes using texture features extracted via Local Binary Pattern (LBP), Gray-
Level Co-Occurrence Matrix (GLCM), and Gray-Level Run-Length Matrix (GLRM) algorithms. Their experimental
results showed test accuracies of 90.33% for SVM and 96.19% for ANN. While ANN suffers from limitations such as
longer training times, convergence challenges, and fixed-size parametric architectures, SVM's classification performance
is constrained by its reliance on a single feature vector. Consequently, SVM underperforms compared to ANN in this
context. [23] used a CNN and SVM to extract deep features and evaluated the performance of different CNN architectures
for wheat classification. However, in most cases, data collection poses challenges due to factors such as time constraints,
storage limitations, or data-related issues. In their study, they achieved the highest accuracy rate of 98.1% using
DenseNet201. [24] employed Inception-V3, MobileNet-V2, and ResNetl8 to classify five different bread wheat
genotypes, attaining the best performance (97.67%) with ResNetl18. They applied a segmentation process, which
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introduces additional computational costs, before feeding the wheat RGB images into the CNN model. [25] compared
four traditional machine learning methods (SVM, kNN, MLP, and naive Bayes) and obtained the highest accuracy
(93.0%) with SVM. Since these methods rely on feature selection, challenges such as data rate and diversity key
characteristics of big data arise during the process. These studies demonstrate high accuracy in identifying wheat
genotypes from images containing multiple seeds of a single genotype. However, in commercial settings, seeds from
different genotypes may be mixed and sold together. In such cases, single-seed images must be used for genotype
identification to determine the varieties and their proportions in the mixture. When using single-seed images, the reference
data is limited to features derived from the seed's external appearance, restricting data diversity. Therefore, for genotype
determination from a single seed or a small set of seed images, there is a need to identify new, reliable, and highly
discriminative features to enrich the dataset.

Table 3. A detailed comparison of wheat seed classification methods

Authors Method Dataset/Classes Data Type |Performance
(Accuracy)
[13] - DenseNet201 4-classes and a total of 31.606 | RGB - 95.68%
- Inceptionv3 samples - 95.62%
- MobileNet - 95.49%
[14] CNN 15-classes RGB - 97.53% acc.
[22] SVM, ANN 7-classes RGB SVM: 90.33%
ANN: 96.19%
[23] CNN+SVM (AlexNet, 4-classes RGB DenseNet201
ResNet18, ResNet50, ResNetl101, 98.1% max acc.
Inceptionv3, DenseNet201,
Inceptionresnetv?2)
[24] - Inception-V3 5-classes and a total of 8354 RGB - 97.37%
- Mobilenet-V2 samples. - 97.07%
Resnetl8 - 97.67%
[25] SVM, 2-classes (fresh and rotten) RGB SVM: 93.0%
kNN, NB: 65.0%
MLP,
Naive Bayes (NB)
Proposed EfficientNetB0, ResNet18 9-classes of microscopic wheat |RGB ResNet18
Framework | EfficientNetB4, EfficientNetv2s, | bran images - 97.67% max
Inception-v4, acc.
EfficientNetv2m

In our study, we evaluated the usability of bran layer images obtained via light microscopy from seed cross-
sections for genotype identification. The bran layer was chosen as a reference because it can be easily photographed under
light microscopy without special preparation. Additionally, images taken from different sections of a single seed provide
richer data per grain. In contrast, macro photographs and stereomicroscope images offer limited data due to lower
magnification. SEM is impractical due to its high cost and specialized preparation requirements. Thus, bran layer imaging
emerges as a crucial reference for future wheat genotype identification, combining practicality with high data richness.

4. Conclusions and discussion

Today, different wheat genotypes are registered and sold commercially with breeding studies conducted by
public and private institutions. Unfortunately, the supply of seeds of wheat genotypes that are not suitable for the
ecological conditions of the region to be planted causes serious economic losses to the farmers. Therefore, a feasible
computer-aided method is required to avoid economic damage and accurately distinguish the supplied genotype. We
introduced an end-to-end CNN-based approach for wheat genotype identification, utilizing microscopic wheat bran
images that capture the organism's characteristic features, and uncovered the following key findings:

e Nine wheat varieties with different qualities such as milling extraction, dough balance, baking performance,

color and texture were automatically identified from the bran layer.

e By conducting a series of experiments on microscopic bran images, we examined several advanced CNN

models, which had not been studied in earlier research.

e  We suggested convenient choices for identification in agriculture and pointed that the ResNet18 shallow

model performance is better than the deeper CNN models.

Although the proposed framework can be implemented cheaper and less costly manner with fewer samples, it
also has some drawbacks. One of the major drawbacks is the difficulty of sectioning a wheat seed in the laboratory. If a
CNN consists of multiple layers, the training process can take a particularly long time due to operations such as max
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pooling. The second drawback is the unguaranteed convergence of neural networks, which can also underfitting or
overfitting. Despite these disadvantages, CNNs have great performance while classifying images that are very similar to
the dataset. In conclusion, this study revealed that CNN algorithms are feasible in detecting wheat varieties from
microscopic bran images. We will refine the recognition outputs by considering a lightweight CNN architecture. We also
plan to use the data obtained from microscopic wheat bran images to distinguish wheat diseases in our future studies.
Today, various wheat genotypes are registered and sold commercially through breeding studies conducted by
public and private institutions. Unfortunately, supplying seeds of wheat genotypes unsuitable for the ecological conditions
of the target region leads to significant economic losses for farmers. Therefore, a practical, computer-aided method is
needed to prevent economic damage and accurately identify the supplied genotype. We propose an end-to-end CNN-
based approach for wheat genotype identification using microscopic wheat bran images, which capture the organism's
distinctive features. Our study yielded the following key findings:
e Nine wheat genotypes with differing qualities such as milling extraction, dough balance, baking
performance, color, and texture were automatically identified from the bran layer.
e Through a series of experiments on microscopic bran images, we evaluated several advanced CNN models
that had not been explored in prior research.
e  We identified practical solutions for agricultural identification and demonstrated that the ResNet18 shallow
model outperforms deeper CNN architectures.

Although the proposed framework can be implemented cheaper and less costly manner with fewer samples, it
also has some challenges. One of the major challenges encountered during the selection of wheat genotypes for
agricultural activities is the lack of a simple, rapid, low-cost, and non-specialist method for verifying the authenticity of
the varieties provided by suppliers. As a result, farmers often rely solely on the information given by the supplier when
purchasing seeds. If a supplier provides a genotype that is not suitable for the cultivation environment under the name of
a suitable one (e.g., supplying a genotype adapted to irrigated conditions for cultivation in a drought-prone area),
significant yield losses may occur. This study aims to address this gap by developing a simple, cost-effective, and user-
friendly diagnostic system for wheat genotype identification. It represents a pioneering effort in the development of such
systems. Therefore, the study does not include any data on the suitability of the selected genotypes for specific cultivation
environments, as this lies outside the scope of its primary objective. In short, the purpose of the study is to verify whether
the seeds provided by the supplier indeed correspond to the high-yielding genotypes suitable for the target cultivation
environment. In the manuscript, references to environmental suitability are made in the context of potential yield losses
that may result from genotype misidentification. The second one is the unguaranteed convergence of neural networks,
which can also underfitting or overfitting. Despite these disadvantages, CNNs have great performance while classifying
images that are very similar to the dataset. In conclusion, this study revealed that CNN algorithms are feasible in detecting
wheat genotypes from microscopic bran images. We will refine the recognition outputs by considering a lightweight CNN
architecture. We also plan to use the data obtained from microscopic wheat bran images to distinguish wheat diseases in
our future studies.
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