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Soybean is a key crop due to its nutritional, industrial, and agricultural benefits. Its production performance faces challenges such
asimproper storage, seed damage, and moisture imbalance. This paper aims to classify soybean seeds into five categories — healthy,
damaged, immature, broken, and stained — using image processing and deep learning. Four classifiers DenseNet, MobileNet,
ResNet, and EfficientNet were used to classify seeds on a dataset of 5513 soybean seed images. The best performance among
the models used was obtained from DenseNet with an accuracy of 96% and an F1-score of 94%. The results also showed that
all models achieved an AUC value above 0.99, indicating high performance of the models. This research highlights the potential
of machine learning and artificial intelligence in optimising soybean classifiers.

Keywords: soybean; deep learning; convolutional neural network; image processing; quality assessment; comparative analysis

Soybean is one of the most important agricultural crops
globally, valued for its high-quality protein (an excellent
choice for vegetarians), diverse food applications
(soy milk, tofu, tempeh, soybean oil, and plant-based
proteins), health benefits (reducing the risk of heart
disease, lowering LDL cholesterol, and improving bone
health due to isoflavones), industrial uses (biodiesel,
paints, and chemicals), and role in sustainable agriculture
(improving soil quality through nitrogen fixation) (Pagano
and Miransari, 2016).

Soybeans are traded in various forms of grain, oil and
meal, and the largest producers are the the United States
(one third of global production), Brazil, and Argentina.
Other producers such as China, India, Paraguay, Canada,
Mexico, and the European Union are in the second place
(Dragan et al., 2018).

Soybeans face challenges in the post-harvest stage, such
as physical and chemical damage to the seeds (fractures
and cracks during harvest and transportation, which leads
to insect and fungal attacks and accelerated chemical
spoilage). Subsequently, such damage poses challenges to
the grading and processing process. Failure to harvest on
time and failure to observe appropriate drying conditions
(for example, failure to pay attention to seed moisture at
the time of harvest) can damage the quality of the product
because low moisture leads to brittleness and high moisture
leads to rapid spoilage. Attention to soybean storage is also
very important, as pests like beetles and termites, along

with various diseases, can significantly reduce both quantity
and quality (Bern et al., 2008).

Table 1 provides a detailed breakdown and explanation
of soybean seeds, including damaged, broken, immature,
spotted, insect-bitten, wrinkled, green, purple, and cracked
seeds (Wang et al., 2002).

Sable et al. (2024) presented an efficient neural network
called SSDINet for detecting defects in soybean seeds,
incorporating convolutional layers, depthwise blocks, and
squeeze-and-excitation mechanisms. The model achieved
an impressive accuracy of 98.64% in differentiating healthy
seeds from defective ones (e.g., damaged, broken, insect-
bitten, wrinkled, green, purple, and cracked seeds). Zhang
et al. (2023) investigated the impact of data imbalance on
soybean classification CNNs. Two data-balancing methods
were explored: oversampling and a loss function with
class-specific weights. Experiments with four network
architectures revealed that the modified loss function
significantly improved accuracy, with DenseNet achieving
98.48%. However, excessive convolutional layers in
augmented datasets reduced performance, while smaller
networks enhanced accuracy by 1.52%. Dioses et al. (2025)
applied the EfficientNet CNN to classify soybean seeds into
five categories: broken, immature, intact, skin-damaged,
and spotted. Over 5000 images were enhanced using noise,
flipping, and contrast adjustments. The model, trained with
a 75 : 25 dataset split, achieved 100% training accuracy and
93.83% validation accuracy. Intact soybeans had the highest
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Table 1 Description of different kinds of damages in soybean seeds and their causes
Type Description Possible causes
Intact seeds soybeans that are whole, undamaged, and in good proper handling and ideal growing conditions

condition (yellowish, smooth surface)

Damaged seeds
dents, abrasions, or pressure marks

soybeans showing general physical harm, such as

mishandling during harvest, transport, or storage

Broken seeds

soybeans that are split into parts or fractured

mechanical damage from equipment or handling

discolouration

Immature seeds soybeans that are underdeveloped, smaller, or pale in harvesting too early or poor growing conditions
colour
Spotted seeds soybeans with spots, often caused by diseases or fungal infections, bacterial blight, or pest damage

Insect-bitten
activity

soybeans with visible holes or damage caused by insect

infestation by pests like stink bugs or beetles

Wrinkled seeds

soybeans with uneven, shrivelled, or folded surfaces

poor growing conditions, drought, or disease

Green seeds
immaturity or chlorophyll retention

soybeans retaining a green colour, indicating

early harvest or unfavourable weather

Purple seeds

soybeans with purple discolouration on the seed coat

genetic traits or fungal infections

Cracked seeds

soybeans with visible splits or cracks, usually superficial

rapid drying or physical/mechanical stress

F1-score (97.35%), though minor misclassifications occurred
for similar categories. The results highlight the model’s
effectiveness for agricultural quality assessment. Chen et
al. (2025) used hyperspectral imaging to classify soybeans
harvested with the 4LZ-1.5 combine. Preprocessing methods
like baseline correction and normalisation refined the data,
while feature wavelengths were selected using successive
projection algorithm (SPA) and competitive adaptive
reweighted sampling (CARS). A random forest model,
optimised with Scholarly articles for optimised with particle
swarm optimisation (PSO) and differential evolution (DE),
achieved 100% accuracy during training. Yang et al. (2024)
introduced a method for classifying soybean seeds using
hyperspectral RGB image reconstruction. Hyperspectral
images of seven soybean varieties (H1-H7) were captured,
and the red, green, and blue bands with key features were
selected to reconstruct images with distinct textures and
colours. A new dataset for seed segmentation was created,
and seven models were compared for classification
performance. Experiments with ResNet34 showed an
accuracy improvement from 88.87% to 91.75% after
RGB reconstruction, confirming that RGB reconstruction
enhances image features. Classification accuracies for
ResNet18, ResNet34, ResNet50, ResNet101, CBAM-
ResNet34, SENet-ResNet34, and SENet-ResNet34-DCN were
72.25%,91.75%, 89%, 88.48%, 92.28%, 92.80%, and 94.24%,
respectively. The SENet-ResNet34-DCN model achieved
the best accuracy (94.24%) with a loss of 0.3, proving its
effectiveness in soybean seed classification. Jitanan and
Chimlek (2019) extracted robust colour features from the H
component of the hyperspectral imaging (HIS) model. By
combining the H component’s colour histogram with
Gray level co-occurrence matrix (GLCM) texture features,
a support vector machine (SVM) classifier was developed
to grade soybean seeds, addressing shape variations.
Trained on a dataset of 6600 images, the model achieved
an overall accuracy of 99.2%. Specifically, it reached 100%
accuracy for purple, green, and other seeds, 98.1% for
wrinkled seeds, and 97.9% for normal seeds. De Oliveira et
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al. (2024) used Al and image analysis to classify greenish
and yellow seeds of soybeans by colour, improving seed
evaluation. A decision tree trained on 12,000 images
from the GroundEye® S800D achieved 89.7% accuracy.
Yellow seeds had better germination and growth than
greenish ones. Hue angle (h) and luminosity (L) were key
features, with hue angles below 97.5° linked to higher
germination rates (R*> = 73%). Wang et al. (2004) used
near-infrared (NIR) spectroscopy to classify healthy and
fungal-damaged soybean seeds, distinguishing the types
of fungal damage. A diode-array NIR spectrometer
(400-1700 nm) collected seed spectra. Partial least
square (PLS) and neural network models were developed.
The two-class PLS model achieved over 99% accuracy
in the 490-1690 nm range. Neural networks performed
better in five-class classification, with 93.5% accuracy for
calibration and 94.6% for validation. Validation accuracies
were 100% (healthy), 99% (Phomopsis), 84% (Cercospora
kikuchii), 94% (SMV), and 96% (downy mildew). In recent
studies, such as Xia et al. (2025), hybrid models have been
investigated. They proposed a combination of CNN and
Vision Transformer (ViT) models. The accuracy of classifier
on a similar five-class soybean dataset reached 96.02%,
indicating the effectiveness of combining the strengths
of different architectures. As observed, various studies have
been reported on the potential of machine learning and
deep learning techniques in classification (Adnan et al.,
2026; Shirzad et al., 2025), but so far, no comprehensive and
complete comparison of severaladvanced CNN architectures
has been conducted on the soybean. Different models
provide different results in terms of accuracy, computational
complexity, and training stability. On the other hand, the use
of intact and high-quality seeds is essential for achieving
optimal growth and higher yield. Sowing damaged seeds
for planting will result in poor germination and reduced
yield.

This paper aims to address this gap by developing
four classifiers — namely, DenseNet, MobileNet, ResNet,
and EfficientNet - to classify soybean seeds into five



categories based on image processing and artificial
intelligence: healthy, immature, broken, stained, and
skin-damaged.

This research has significant practical implications.
Automating seed classification can improve the agricultural
supply chain, increasing productivity and quality control.
This, in turn, will increase crop yield and profitability, and
ensure a continuous supply of high-quality soybeans,
maintaining crop stability.

The Soybeans Seeds dataset was obtained from Kaggle
(Lin et al., 2023; Pereira et al., 2024) and includes a publicly
available collection of 5513 RGB images of individual
soybean seeds. This dataset was chosen because of being
publicly available. Moreover, it provides well-defined
class categories and has a sufficient number of images to
evaluate deep learning models. However, it has certain
limitations, such as a fixed background and controlled
lighting, which may not fully represent the complexity
of real-world situations. Class labels are assigned based
on expert visual assessment. Each image belongs to one
of five quality classes: intact, spotted, immature, broken,
and skin-damaged (Fig. 1). The images are resized to 227
x 227 pixels from their original resolution of 3072 x 2048
pixels.

Proposed models for classification of soybean seeds

In this paper, four classification models were used:
MobileNetV2,ResNet-18,DenseNet-121,and EfficientNet-B0.
The goal was to perform a comprehensive comparison
between the models selected due to their distinct features:
DenseNet-121 due to high accuracy, MobileNetV2 due to
computational efficiency, and ResNet-18 and EfficientNet-B0
as balanced performance baselines.
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MobileNetV2

This model is a lightweight model that is proposed for use in
mobile phones and embedded devices. The most important
innovation of that is the inverse residual structure with
linear bottlenecks. This reduces the computational cost
and model size, while minimising the loss of accuracy. For
this reason, this model is proposed as a candidate for real-
time tasks on devices with limited resources (Sandler et al.,
2018).

DenseNet-121

This model was proposed by introducing a new connection.
In fact, each layer is connected to the other layer in
a feedforward manner. The three main advantages of this
type of connection are feature reuse, enhanced feature
propagation, and reduced vanishing gradient problem
(Huang et al., 2017). In this paper, DenseNet-121 was used
because it has a deep architecture and is computationally
manageable

EfficientNet

This model is a systematic model that scales the resolution,
depth, and width of the network using a composite factor.
The main advantage of that is the trade-off between
accuracy and computational resources (FLOPS). This paper
employs EfficientNet-B0, a base model known for its strong
performance-to-efficiency ratio (Tan and Le, 2019).

ResNet-18

This model allows gradients to flow easily through deep
networks by enabling layers to learn residual functions,
which is derived from the concept of identity shortcut
connection. The advantage was that it enables the training
of very deep and powerful models. This paper utilises
ResNet-18, a shallower variant that provides a strong
baseline without demanding high computational resources
(He et al.,, 2016).
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Fig. 1

Examples of soybean seeds labelled into five classes: intact, immature, broken, spotted, and skin-damaged




Evaluation criteria of classifiers

To ensure the reliability of our machine-learning models,
a diverse set of evaluation metrics was applied to analyse
their performance and behaviour at various stages
of development.

Confusion matrix and accuracy, F1-score, and micro-
averaged precision (AP)

It compares predicted and true labels to assess classification
accuracy across classes by criteria of precision, recall,
and the precision-recall curve. Precision and recall are
the key metrics in classification tasks. Precision measures
the proportion of correct positive predictions out of all
positive predictions, calculated as Eq. 1, where TP and FP
represent true positives and false positives, respectively.

M

. TP
precision =
TP +FP

Recall, or sensitivity, represents the proportion of actual

positives correctly identified, calculated as Eq. 2, where FN is
the count of false negatives.

recall =

TP+FN @)

Accuracy measures the proportion of correctly classified
samples out of the total dataset, serving as a straightforward
indicator of model performance (Eq. 3).

TP+TN

—_— 3)
TP+FP+TN+FN

accuracy =

F1-score, a harmonic mean of precision and recall, is
calculated as Eq. 4. This metric is particularly valuable when
both precision and recall are equally crucial.

2(precisionx recall)
precision + recall

F1—score= (4)

Using the analysis of these criteria, it can be stated
that if recall and F1-score are high and accuracy is low, it

means that the model performs well in identifying most
of the true positives but has problems in the accuracy
of predictions.

Experimental setup and training

All models were implemented and trained using
the Python programming language and PyTorch
framework. Experiments were conducted on a system with
the following hardware specifications: Intel Core i7-11800H
processor, 32 Gb RAM, and an NVIDIA RTX 3060 GPU with
6 Gb of VRAM.

The dataset, consisting of 5513 images, was randomly
split into three subsets: a training set containing 3302
images (about 60%), a validation set with 1106 images
(about 20%), and a test set also comprising 1106 images
(about 20%). The specifications of the hyperparameters
are very important for training the models. In this study,
the best hyperparameters were selected for all models
using trial and error as follows. The models were trained
using the Adam optimiser with a learning rate of 0.0001,
a batch size of 32, and 100 epochs. Cross-Entropy Loss was
employed as the objective function for all models.

Training and validation performance

Figure 2a-b shows the training and validation losses of all
the proposed models. A closer look at the loss curves
reveals that the DenseNet model shows signs of overfitting,
as indicated by the divergence between its training and
validation losses. In contrast, the MobileNet model shows
less overfitting, with the validation loss closely following
the training loss. The fluctuations observed in the validation
loss curves for EfficientNet and ResNet indicate some
instability during training.

Classification performance

Figure 3 shows the confusion matrix for the test dataset. It
can be concluded from this figure that most of the samples
are located on the main diameter of the matrix, which
means that the number of correct classifications for each
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class is high. Table 2 gives the values of the various criteria
for evaluating the different models used in this study. As can
be seen, all models have high performance, and the values
of the criteria are above 0.91. A closer look at the table shows
that the Intact and Spotted classes have the highest recall

rates. On the other hand, the Skin-damaged and Immature
classes are predicted with high accuracy. In conclusion,
the DenseNet method achieves high and balanced scores
across all criteria.
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Fig.3 Confusion matrix of proposed classifiers




Table 2 Evaluation criteria extracted from confusion matrix for all proposed classifiers
Model name Class Precision (%) Recall (%) F1-score (%) Accuracy (%)
broken 934 91.0 92.2
immature 97.8 96.9 97.3
DenseNet intact 95.2 98.3 96.7 95.7
skin-damaged 97.7 93.8 95.7
spotted 94.1 97.7 95.9
broken 96.0 94.5 95.2
immature 96.9 96.0 96.4
ReseNet intact 933 97.9 95.5 96.0
skin-damaged 97.7 94.2 95.9
spotted 96.7 97.2 97.0
broken 94.3 90.0 92.1
immature 98.6 96.9 97.8
EfficiencyNet intact 95.5 97.9 96.7 95.8
skin-damaged 95.1 94.7 94.9
spotted 95.0 98.6 96.8
broken 93.1 94.0 93.6
immature 96.4 96.0 96.2
MobileNet intact 944 97.1 95.7 95.5
skin-damaged 98.1 929 95.5
spotted 95.4 97.2 96.3

ROC curve of all proposed classifiers

Figure 4 shows the receiver operating characteristic (ROC)
curves used to evaluate the performance of a model at all
classification thresholds. The area under the curve (AUC)
is a key metric derived from these plots that quantifies
the overall discriminatory power of the model. All models

showed excellent discriminatory ability, achieving average
AUC values above 0.99. Specifically, the AUC values were
0.9989 for DenseNet, 0.9985 for MobileNetV2, 0.9992
for ResNet, and 0.9988 for EfficientNet. This indicates an
outstanding ability to discriminate between different initial
classes.
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The high values of AUC (averaged
at the micro scale AUC = 0.9989 for
DenseNet and 0.9985 for MobileNetV/2)
indicate exceptional discrimination
ability for both models. The dotted
diagonal line represents a random
classifier (AUC =0.5).

Figure 5 shows an interesting
comparison between the number
of trainable parameters of different
models and the accuracy obtained
by each model. As can be seen,
DenseNet-121 and ResNet-18 have
the highest number of trainable
parameters, while MobileNet with
alower number of trainable parameters
(and therefore lower complexity)
achieved an accuracy of over 94%.
This makes MobileNet a candidate for
real-time implementation of soybean
sorting systems, where processing
power and speed are critical
constraints.

The findings indicated the success
of deep learning methods in classifying
soybean classes. Among the models,
DenseNet-121 achieved the highest
performance, consistent with Zhang
et al. (2023), who reported an accuracy
of over98% for DenseNet afterapplying
data balancing techniques. Also,
this study demonstrated significant
success in scaling the EfficientNet
hybrid model, aligning with the results
of Dioses et al. (2025), who achieved
a validation accuracy exceeding 93%
on a similar dataset. Furthermore,
the DenseNet model in our study
achieved an accuracy of 96%, which
is comparable to the 96.02% reported
by Xia et al. (2025) using a CNN-ViT

hybrid architecture. This indicates that
standard CNNs optimised for the size
of more complex hybrid models are
effective. In terms of performance,
MobileNet is an excellent choice for
real-time soybean sorting systems
with limited computational resources
due to its much lower trainable
parameters, achieving accuracies
exceeding 95%. This is especially
significant when compared to
more advanced models, such as
the lightweight SSDINet by Sable et
al. (2024), which achieves a higher
accuracy of 98.64%. Nevertheless,
it establishes a benchmark for
the further optimisation of lightweight
architectures.

According to the confusion matrix
analysis, most of the classification
errors occurred between similar
visual categories, such as “broken”
and “damaged skin" This challenge
is common in fine-grained visual
classification tasks and highlights areas
for further improvement in model
accuracy.

Conclusion

This study highlights the critical role
of soybean seeds in global agriculture
and the challenges associated with
ensuring their quality. Advanced
Al-driven methods have significantly
improved soybean seed classification
by accurately identifying defects
such as damage, immaturity, and
breakage. Among the evaluated
models, DenseNet exhibited the best
performance due to its efficient feature
reuse and gradient flow, achieving

the highest accuracy and smooth
training curves. MobileNet, ResNet,
and EfficientNet also demonstrated
strong performance, with precision,

recall, and F1-scores exceeding 91%

across all classes.

From a practical perspective,
these results are very promising.
The trained models, especially
the lightweight  MobileNetV2,
can be integrated into a real-time
sorting system. Such a system,
consisting of a conveyor belt,
a high-resolution camera, and an
embedded processing unit, can
automatically classify and sort
thousands of grains per minute.
This approach has the potential to
significantly increase productivity,
minimise the need for manual
labour, and ensure higher quality
outputs. Although our study
is primarily computational, an
important next step involves
developing a physical prototype in
both laboratory and field settings
to validate the practical application
of these findings. Despite the very
hopeful results, there are three
major limitations in this study.
The first limitation is related to
the dataset, in fact, this study
was conducted on a dataset with
5 soybean classes, while there are
different soybean quality classes
worldwide that were not considered
in this study. The second limitation
is that the images were taken under
controlled light conditions and it is
better to take images in ambient
conditions. ~ Finally, the third
limitation is that classification was
performed on single seeds, which
would be interesting if the study
were conducted on images with
several soybean seeds. Of course,
it should be noted that for each
type of limitation mentioned, a new
problem definition must be made,
and the study must be handled
from scratch.

Future work should focus on
the following to overcome these
limitations:

1. Expanding the dataset by
collecting more diverse samples
from multiple sources, covering
a broader spectrum of defect
classes and varying lighting
conditions.




2. Applying advanced augmentation techniques, such
as adding noise (e.g., Gaussian, salt-and-pepper) and
altering brightness and contrast, to enhance the model’s
robustness and generalisation capability.

3. Designing a comprehensive end-to-end system that
incorporates object detection or segmentation to isolate
individual seeds from bulk images before performing
classification.
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