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ABSTRACT
This study developed a soybean seed grading system based on Explainable Artificial Intelligence (XAl). Tradi-
tional soybean quality assessment is time-consuming, and limited research has applied explainable Al methods to
the grading process. To address these issues, this study employed classification and XAI methods through several
stages. First, it examined five main categories of soybean seed characteristics: broken, immature, intact, skin-
damaged, and spotted. Second, it used the Soybean Seeds Dataset containing 5,513 images. Third, data prepro-
cessing was carried out, including image normalization and data division for training and testing. Finally, a Con-
volutional Neural Network (CNN) model based on the VGG-16 architecture was used for classification experi-
ments. Three XAI methods, namely Shapley Additive Explanations (SHAP), Local Interpretable Model Agnostic
Explanations (LIME), and Layerwise Relevance Propagation (LRP), were applied to evaluate model performance
and interpretability. The VGG-16 model achieved an accuracy of 91%, with precision, recall, and F1-score values
of 0.91, 0.91, and 0.90, respectively. The interpretability analysis using SHAP, LIME, and LRP showed that the
model consistently identified key features such as seed shape and surface texture, demonstrating that the system

is transparent and reliable in determining soybean seed quality.

Keywords: convolutional neural network (CNN), explainable artificial intelligence (XAI), image classification,
soybean seeds, VGG-16.

I. INTRODUCTION

Soybean is one of the most important plant-based food commodities in Indonesia, holding significant

value in both the agricultural sector and the food industry [1]. The National Food Agency (Bapanas)
projected that Indonesia would produce between 346,821 and 355,087 tons of soybeans in 2023 [2].
Soybeans are high in protein and are used in a wide range of foods, from traditional fermented products
such as miso, natto, and tempeh, to non-fermented products like tofu, soy milk, and edamame, as well
as modern food products that use soy protein as a base ingredient [3].

Currently, many time-consuming traditional procedures are still used in the quality evaluation or
grading of soybean seeds, where visual quality assessment must be carried out by qualified professionals
[4]. The nutritional content, physical condition, and structural integrity of soybean seeds are among the
factors that influence their quality. A major challenge in grading soybean seeds is their relatively small
size and the large quantity processed in each batch. These characteristics distinguish soybeans from
other agricultural products, such as fruits, and require more efficient algorithms to achieve high
classification accuracy and speed. Consequently, computer vision and machine learning technologies
enable automatic, objective, and accurate soybean grading. Explainable Artificial Intelligence (XAI) has
emerged as a new approach to address the complexity and opacity of deep learning models, aiming to
produce results that are easier to interpret and understand [5].

Lin et al. [5] successfully developed a deep learning model that could classify soybeans into various
quality categories with an accuracy of 95.63%. Zhang et al. [6] used the VGG, AlexNet, DenseNet, and
ResNet architectures to classify soybean seeds, with DenseNet121 achieving the highest accuracy of
98.48%. Furthermore, several studies related to the XAl approach have been conducted in the medical

INDONESIA is known as a country rich in diversity and natural resources, one of which is soybean.
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Figure 1. The architecture of the soybean seed grading system using image classification and XAI

field [7]-[10]. Compared to models trained on the original dataset, Bento et al. [11] reported a significant
improvement, with a 20% increase in the F1 score when using XAl techniques such as Layerwise
Relevance Propagation (LRP).

Through a review of existing literature, it was found that few studies have applied XAI methods to
soybean grading, despite the importance of quality standards in the agricultural and food industries. The
main issues can be summarized as follows. First, previous studies have primarily focused on traditional
approaches without considering model interpretability. Second, no research has specifically employed
explainable Al techniques such as SHAP, LIME, or LRP to evaluate soybean grading models. To
address these gaps, this study applies Explainable Artificial Intelligence (XAI) to identify the key
elements influencing model decisions and to achieve more accurate soybean classification using a deep
learning-based model.

Specifically, this paper seeks to answer two research questions: (i) how can a VGG-16-based CNN
model be developed for accurate and interpretable soybean classification? and (ii) which XAI method
(SHAP, LIME, or LRP) is most effective in visualizing model decisions for quality control applications?
The main contributions of this study are as follows: (i) developing a soybean seed dataset consisting of
five classes, namely broken, immature, intact, skin-damaged, and spotted, totaling 5,513 instances; (ii)
conducting classification experiments using the VGG-16 model that achieved an accuracy rate of 91%
across the five categories; (iii) finding that the intact class achieved the highest classification
performance, while the immature class was frequently misclassified as intact; (iv) demonstrating that
SHAP, LIME, and LRP generated key visual explanations that contributed to the model’s decisions and
provided insights from different interpretability perspectives; and (v) revealing that among the three
XAl methods, LIME produced the most comprehensible visualization, as it highlighted more segmented
image areas considered important by the model, making interpretation easier.

II. RESEARCH METHOD
The soybean grading system was implemented through several stages, including image data
collection, data preprocessing, classification, model evaluation, and explainable Al analysis. The
proposed system architecture is illustrated in Figure 1.
A. Image Data Collection

This study used image data from the soybean seed dataset provided by Jiangsu University of Science
and Technology and Nanjing Agricultural University, which was obtained from the Mendeley Data
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Figure 2. Images of Soybean Seeds [12]

platform [12]. Each of the five categories in the dataset (broken, immature, intact, skin-damaged, and
spotted) contains more than 1,000 soybean seed images, totaling 5,513 images of uniform size (277 %
277 pixels). Figure 2 displays sample images of soybean seeds from each class.

B. Data Preprocessing

The data preprocessing stage is essential for improving data quality and preventing suboptimal results.
This stage consists of three main steps: (a) reshaping, which adjusts image dimensions to the size
required by the model (224 x 224 pixels); (b) rescaling, which normalizes each pixel value in the image
from 0 to 255; and (c) splitting, which divides the dataset into multiple parts so that training and testing
data can effectively evaluate the model’s performance [13]. In this study, the dataset was divided into
three subsets: training, validation, and testing, with proportions of 70%, 10%, and 20%, respectively.

C. Classification stage

This study employed a Convolutional Neural Network (CNN) model based on the VGG-16
architecture, a deep learning approach for the segmentation and classification of soybean seeds aimed
at solving the automatic sorting problem. The model was developed by Karen Simonyan and Andrew
Zisserman at the University of Oxford in 2014 [14]. VGG-16 is a deep learning architecture consisting
of 16 trainable layers, including 13 convolutional layers, 3 fully connected layers, and 5 max-pooling
layers that reduce the spatial dimensions of each convolutional output. The input to VGG-16 is an RGB
image with dimensions of 224 x 224 x 3 pixels, and the output represents the probability of each
category. Each convolutional layer uses a 3 x 3 kernel with a ReL U activation function to enhance non-
linearity without significantly increasing the number of parameters. A max-pooling layer with a 2 x 2
kernel is applied after each pooling step to progressively reduce the image’s spatial dimensions.

One of the advantages of VGG-16 is its ability to support transfer learning. The model was pre-trained
using the ImageNet dataset, which contains over one million images across 1,000 classes. The pre-
trained weight sets can be customized for specific tasks through a fine-tuning process. In this study, the
VGG-16 architecture was modified by replacing the final fully connected layer to correspond to five
classes: broken, immature, intact, skin-damaged, and spotted. The data composition for training,
validation, and testing was set at 70% (3,856 instances), 10% (551 instances), and 20% (1,106
instances), respectively, ensuring a balanced dataset distribution. The VGG-16 implementation involved
using the pre-trained model available in the PyTorch framework and fine-tuning it on the soybean seed
dataset. Model performance was evaluated using common image classification metrics, namely
accuracy, precision, recall, and F1-score.

D. Explainable Al analysis

In this study, Explainable Artificial Intelligence (XAI) was applied to describe the model’s decision-
making process and improve the transparency of the assessment procedure, allowing users to understand
how each feature contributes to the prediction results [15]. SHapley Additive exPlanations (SHAP)
interprets machine learning model outputs using a game theory-based approach that assigns a Shapley
value to each feature to measure its contribution to the prediction [16]. Introduced by Lundberg and Lee
in 2017 [17], SHAP provides a comprehensive framework for explaining model predictions using
Shapley values from coalition theory. This method calculates the contribution of each feature to the
prediction compared with a baseline (or excluded) value, as represented in equation (1), where v(S)
denotes the predicted value when only the active features in subset S are considered. Because of its
model-agnostic nature, SHAP provides consistent explanations both locally (for individual instances)
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and globally (for the entire model) while malntalmng efficiency, symmetry, and additivity. In this study,
SHAP was used to analyze visual contributions in the VGG-16-based soybean seed classification model,
implemented through the SHAP library by visualizing heatmaps for interpretability.

Local Interpretable Model-Agnostic Explanations (LIME) were introduced by Ribeiro et al. in 2016
[18]. This method explains classifier predictions by constructing locally interpretable models around
specific predictions. LIME generates a local dataset with variations of the original data and then builds
a simple interpretable model, such as linear regression, to explain the contribution of features in a data
sample through perturbations. To obtain a human-understandable representation, LIME determines
whether a continuous path or "superpixel" that provides the best representation of the output class exists,
using a binary vector x€ {0, 1} [19]. operates on a single data input at the patch level, where small input
variations can influence the output. Equation (2) defines the method, where &(x) represents the local
explanation for instance x, f is a complex model, g is an interpretable model, L measures prediction
error, T, assigns weights to surrounding data x, and (g) maintains the simplicity of g.

Layer-Wise Relevance Propagation (LRP) is a method used to interpret Multi-Layer Perceptron
(MLP) models [20]. It explains the predictions of deep learning models, particularly neural networks,
by assigning a relevance score to each neuron in all layers, indicating each neuron’s contribution to
identifying the most influential features in the model’s decision-making process [21]. LRP propagates
relevance scores backward from the model’s prediction output to its inputs, following a layer-wise path.
This method adheres to the principle of continuous relevance conservation at each layer and produces
interpretations in the form of heatmaps. Together, these three methods aim to enhance the interpretability
of the model, making the prediction results easier to understand. The mathematical formulations are
presented in (1)—(3).

III. RESULT AND DISCUSSION

This section presents the experimental results for classification and explainable Al analysis. The main
performance indicator used in the evaluation is the accuracy. In addition, F1, recall, and precision values
were used to assess the overall performance of the model. Three XAl methods were analyzed to enhance
result interpretability, namely SHAP, LIME, and LRP. Each method demonstrated that the model’s
classification relies heavily on visual characteristics such as the size, shape, and texture of soybean
seeds.
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TABLE 1
CLASSIFICATION PERFORMANCE OF THE VGG-16 MODEL ON THE FIVE CLASSES
Class Precision Recall F1-Score  Accuracy

Broken soybeans 0.89 0.87 0.88
Immature soybeans 0.92 0.89 0.90
Intact soybeans 0.88 0.99 0.93 091
Skin-damaged soybeans 0.89 0.92 091
Spotted soybeans 0.96 0.84 0.90
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Figure 4. Confusion Matrix of the VGG-16 Model

A. Classification Performance

The pretrained VGG-16 model was successfully evaluated from ImageNet with a fine-tuning
approach on the last four layers. Stochastic Gradient Descent (SGD) optimization was applied for 20
training epochs with a learning rate of 0.001 and a momentum value of 0.9. As shown in Figure 3,
validation accuracy fluctuated up to 0.89, while training accuracy gradually increased to 0.98. Training
loss decreased to approximately 0.04, whereas validation loss rose from 0.32 to 0.89. The gap between
validation and training losses indicates a possible overfitting issue. To address this, techniques such as
data augmentation (to increase training data variability), regularization (for instance, dropout to reduce
model complexity), and early stopping (to terminate training when validation performance ceases to
improve) can be applied to enhance the model’s generalization capability. The classification
performance across all categories is summarized in Table 1. The model achieved a macro average
precision of 91%, a macro average recall of 90%, a macro average F1-score of 90%, and an overall
accuracy of 91%. Although the algorithm demonstrated strong predictive performance, as shown in the
confusion matrix in Figure 4, some misclassifications were observed, including immature seeds
predicted as intact (17%), spotted seeds predicted as broken (16%), and broken seeds predicted as skin-
damaged (15%). For each soybean classification category, the model’s high precision and recall indicate
strong predictive reliability, and the high accuracy confirms the successful completion of the
classification process.

B. Model Interpretation with XAl

Table 2 presents a comparison of the visualization results obtained from the three Explainable Al
(XAI) methods. This visualization is divided into two main sections: correct and incorrect classifications
across the five soybean seed classes. SHAP, LIME, and LRP were implemented to analyze the soybean
classification process and interpret the decisions of the VGG-16-based CNN model using relevant
Python libraries. Each method highlights the important areas of the soybean image that contribute to the
classification of the five categories: broken, immature, intact, skin-damaged, and spotted soybeans.
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TABLE 2
VISUALIZATION RESULTS OF THE VGG-16 MODEL USING SHAP, LIME, AND LRP

SHAP LIME LRP

Correct Classification on 5 classes

Broken soybeans Broken soybeans Broken soybeans
| L™
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Immature soybeans Immature soybeans Immature soybeans

— - \

Intact soybeans Intact soybeans
71 TN
\ /
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v ¥
SN :
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Incorrect Classification on 5 classes
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Spotted Broken soybeans Spotted Broken soybeans Spotted Broken soybeans

The evaluation of model interpretation compares the highlighted regions produced by each XAl
method with the visual characteristics of each class. SHAP visualizations present feature contributions
through a gradient heatmap, where red areas indicate positive contributions, particularly in surface
texture, and blue areas represent negative contributions. LIME provides a more detailed local
interpretation by segmenting the image into superpixels, identifying compact and clearly defined regions
that influence classification. LRP visualizations also display pixel-level contributions, although they
tend to be less focused and more abstract.
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Based on the analysis, all three XAl methods offer a comprehensive understanding of the model’s
decision-making process. SHAP produces smooth heatmaps that integrate well with the original image,
since it operates at the pixel level. In contrast, LIME uses superpixel segmentation that resembles puzzle
pieces, forming distinct boundaries and shapes. LRP, on the other hand, generates more diffuse gradient
maps. These results confirm the model’s ability to recognize and utilize visual cues such as texture,
shape, and contour to identify physical damage in soybean seeds.

Some predictions remain inaccurate based on the confusion matrix, particularly for classes such as
intact and immature soybeans, as well as fractured and skin-damaged soybeans, which share similar
shapes and textures. This indicates that the model has difficulty distinguishing visual characteristics
among closely related categories. To address this issue, techniques such as early stopping, dropout, and
data augmentation should be applied to increase data variability and improve the model’s ability to
differentiate class characteristics.

This interpretation has several limitations. First, model interpretability and accuracy (91%) are not
always aligned. For example, LRP produces a more abstract heatmap than SHAP, even though both
methods examine similar aspects such as surface texture. This highlights a trade-off between the
practical usefulness of the interpretation and its level of detail. Second, real-world implementation
requires integration with domain knowledge. For example, segmentation-based interpretation using
LIME is more suitable for agricultural experts to identify physical damage, while heatmaps generated
by SHAP are more appropriate for analyzing general patterns.

C. Hypothetical Deployment Scenarios

Based on a theoretical framework, the proposed system can be developed into two potential
applications: (a) an automated sorting station in a seed processing plant equipped with industrial cameras
and conveyor belts, and (b) a field diagnostic tool operated via mobile devices. In the first case, operators
can perform real-time quality verification with the help of LIME visualization (Figure 5). In the second
scenario, the system architecture must be optimized using quantization and pruning techniques to ensure
compatibility with edge devices such as NVIDIA Jetson or smartphones.

The system also faces several implementation challenges: (i) Computational requirements: the VGG-
16 architecture requires a GPU with a thermal design power (TDP) of at least 75W, which limits optimal
use to specific hardware configurations; (ii) Environmental resilience: no tests have been conducted to
assess the system’s performance under variable lighting, high humidity, or exposure to dust particles;
and (iii) System integration: an interface compatible with IoT sensors, including humidity and
temperature sensors, is required. Potential solutions include developing hybrid models that combine
CNN with lightweight algorithms, applying GAN-based data augmentation to simulate field conditions,
and collaborating with industry partners to design integrated hardware systems.

D. Limitations

This study has several limitations: (i) as shown by the 9% gap between training and validation
accuracy in Figure 3, the model does not perform optimally under varying lighting conditions and
camera angles. This limitation arises because the dataset used consists of controlled soybean images
with a neutral background and uniform lighting. (ii) To detect fine features such as surface texture,
soybean images must have high resolution (224 x 224 pixels) for optimal model performance. (iii) The
model’s generalization capability is limited, as the texture patterns of skin damage identified through
XAl-based visual characteristics may not function effectively when applied to other datasets without
adjustment. The researchers recommend adopting lightweight architectures, performing cross-validation
on other commodities, and applying data augmentation techniques that reflect realistic field conditions
to obtain more robust results.

IV. CONCLUSION

The VGG16-based deep learning model developed to classify the quality of soybean seeds
demonstrated strong performance with high accuracy and effectively recognized relevant visual
characteristics during the classification process. The interpretability analysis using SHAP, LIME, and
LRP revealed that each method offered distinct feature contributions. Among them, LIME provided the
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most comprehensible visualizations, as it produced segmented areas highlighting parts of the image
considered important by the model, thus making interpretation easier. The findings of this study suggest
several directions for future improvement. To minimize potential overfitting, researchers could explore
more complex model architectures or employ data augmentation methods. Furthermore, future work
may focus on (i) integrating the model into real-time systems, (ii) extending generalization to other seed
types, and (iii) conducting user-based evaluations to support transparent and automated quality control
in agriculture.
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