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Abstract

With the increasing importance of the quality and safety of agricultural products,
the method of combining computer vision and deep learning has been widely used
in the detection and automatic grading of agricultural Product defect defects. This
study aims to explore the application of computer vision and deep learning in yam

DOI: 10.26855/jfsa.2023.06.002 defect detection and automatic grading. Firstly, the problems and challenges in

yam defect detection and grading were analyzed. Based on this, combined with the
requirements of yam defect detection and grading, the specific applications of
computer vision and deep learning were further explored, which helps to promote
the continuous deepening of the application of computer vision and deep learning
in yam defect detection and automatic grading, and thus promotes the continuous
improvement of yam sorting efficiency.
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1. Introduction

With the continuous advancement of agricultural modernization, the quality and safety of agricultural products have
become the focus of attention. Among many agricultural products, yam, as an important Cash crop, is widely planted
and processed worldwide. However, yams are often affected by various factors during their growth, harvesting,
processing, and transportation, resulting in various defects such as diseases and pests, mechanical damage, and poor
morphology. These defects seriously affect the quality and appearance of yams, reducing their market competitiveness
and consumer satisfaction. Therefore, achieving accurate detection and automatic grading of yam defects has important
research significance and practical application value for ensuring the quality of agricultural products and improving
market competitiveness. Accurately detecting defects in yams helps to detect and handle problems early, ensuring
product quality; Automatic grading can classify yams based on the severity or category of defects, providing accurate
reference for subsequent processing and sales.

2. Problems and challenges in defect detection and grading of yams

2.1 Limitations and shortcomings of traditional methods

(1) The traditional method of detecting yam defects relies on manual feature extraction, which manually selects and
extracts features related to defects from yam images. This requires professionals to possess domain knowledge and ex-
perience to determine features suitable for defect detection. However, the process of manual feature extraction is cum-
bersome and easily influenced by subjective factors. Different operators may have different feature selection and ex-
traction results. This subjectivity may affect the accuracy and stability of defect detection algorithms. In addition, ma-
nual feature extraction requires a significant amount of time and effort, which limits the efficiency and feasibility of the
algorithm in large-scale applications.
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(2) Traditional methods often only detect specific types of defects, making it difficult to adapt to the automatic detec-
tion and grading requirements of diverse defects in yam products. Yam may exhibit various types of defects such as
surface diseases, insect infestation, and varying sizes, each with different characteristics and manifestations. Traditional
methods typically detect specific types of defects based on predefined rules and features, which limits the applicability
of the algorithm.

(3) Lack of generalization ability, traditional defect detection models are often based on manually defined rules or
features, and lack generalization ability for new samples. When faced with new yam defect samples, traditional methods
often require redesigning and adjusting features or rules, resulting in poor adaptability and flexibility of the model.

(4) Time and cost are high, and traditional yam defect detection methods typically require a significant amount of
manpower and time investment. For example, both manual feature extraction and sample annotation require profession-
al personnel and take a long time. This increases the cost of testing and grading, and limits its application in large-scale
production [1].

2.2 Complex defect characteristics and diversity of yams

The defect characteristics of yam products are diverse, including changes in shape, color, texture, and other aspects.
Different types of defects may exhibit different characteristics, such as color spots, unevenness, and damage. This di-
versity makes it difficult for traditional methods to capture and analyze complex defect features, thereby limiting the
accuracy of detection.

Firstly, the diversity of yam defects is manifested in the complexity of their characteristics. Different types of defects
may have different shapes and color characteristics, such as surface defects that may present different shapes and colors
of spots, mechanical damage that may cause uneven surfaces, and damage that may manifest as broken or missing parts.
These complex feature changes increase the difficulty of traditional methods in handling defects. Secondly, the diversity
of yam defects is also reflected in the richness of defect types. Yam products may have various types of defects, includ-
ing appearance defects (such as surface diseases and mechanical damage), internal diseases, and decay. Different types
of defects have different shapes, sizes, and positions. Traditional methods often require the design of multiple specia-
lized detection models to handle different types of defects, increasing the complexity of algorithms and difficulties in
implementation. Finally, yam products have significant differences in form and color, which increases the complexity
of identifying different types of defects. The form of yams may vary depending on their growth environment and varie-
ty, and the color may also vary in different parts. Traditional methods often find it difficult to accurately distinguish
between defects and normal yams, which can lead to misjudgment and missed detection. For example, normal yams
may have similar color spots or uneven features, making it difficult for traditional methods to distinguish between nor-
mal yams and true defects [2].

2.3 Difficulties in collecting and annotating large-scale datasets

Data collection is a key task in the research of defect detection and classification of yams, but due to the particularity
of yams, there are some difficulties in data collection. Firstly, the difficulty in data collection is mainly reflected in the
long growth cycle of yams. As a crop, yams need to go through a process from planting to maturity, usually taking sev-
eral months or even longer. During this process, it is necessary to patiently wait for the yam to grow and mature in order
to obtain representative sample data. This increases the time cost of data collection and the need for patient waiting.
Secondly, there are many types of yams, and each type of yam may have different defect characteristics. In order to
establish an effective defect detection and classification model, it is necessary to collect samples of different varieties
and qualities of yam to cover diversity and representativeness. This means that yam samples need to be collected from
different regions or farmland to obtain datasets with diverse characteristics. This increases the complexity and scope of
data collection. Finally, accurate annotation of yam images is required during the data collection process to provide a
supervised training dataset. The labeling process of yam defects requires professional knowledge and experience, with
high requirements for labeling personnel. Labeling personnel need to accurately identify and label defect areas in yam
images, including information such as the type, location, and severity of defects. This requires annotation personnel to
have the ability to identify different types of defects and professional knowledge to ensure the accuracy and reliability
of annotation results.

3. The specific application of computer vision and deep learning in yam defect detection and
automatic grading

3.1 Data preprocessing and feature extraction

In the application of yam defect detection, data preprocessing and feature extraction are key steps, which play an im-
portant role in the training and performance of deep learning models.
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(1) Data preprocessing plays an important role in yam defect detection, which includes steps such as image denoising,
image enhancement, and image size adjustment to improve image quality and highlight defect features, thereby provid-
ing more reliable input for subsequent feature extraction and classification.

The first step is image denoising. Yam images often contain noise and interference, which can interfere with defect
detection and recognition. Common denoising methods include Gaussian filtering, median filtering, and bilateral filter-
ing. Gaussian filtering smooths the image by applying Gaussian kernel functions to reduce the impact of noise. Median
filtering eliminates Salt-and-pepper noise or speckle noise in the image by calculating the median value of the pixel
neighborhood. Bilateral filtering is a filtering method that preserves edge information, which can reduce noise while
preserving image details. The second step is image enhancement operations. Image enhancement aims to enhance the
contrast, detail, and visual perception of images, making defects more apparent. The adjustment of brightness, contrast
and Color balance is a common image enhancement method. By adjusting the brightness of the image, the defective
part can be more prominent in the image. The adjustment of contrast can enhance the difference between defects and
the background, making it easier to detect. The adjustment of Color balance can adjust the hue, saturation and color
temperature of the image to further enhance the visual effect of defects. Finally, image cropping, scaling, and rotation
are also common preprocessing operations. Cropping operation can remove irrelevant areas in the image, only retaining
the yam part, reducing redundant information and computational complexity. The zoom operation can adjust the size of
the image to have a uniform size for easy model input. The rotation operation can correct the direction of the image and
adapt to yam samples taken from different angles.

(2) In yam defect detection, feature extraction is the committed step of the deep learning model. Its goal is to learn
and extract distinguishing features from the original image data to distinguish between normal yams and different types
of defects. Compared to traditional manual feature extraction methods, deep learning models can automatically learn
and extract more representative and discriminative features, with better adaptability and generalization ability.

Deep learning models usually use convolutional neural network (CNN) as the main feature extractor. CNN has mul-
ti-layer convolution and pooling layers, which can effectively learn local and global features of images, and gradually
extract higher-level semantic features. The first few layers of the model usually learn some basic low-level features
such as edges and textures, while the subsequent layers gradually learn more complex and abstract features. By stacking
multiple convolutional layers and fully connected layers, deep learning models can gradually combine and extract fea-
tures from images to form higher-level feature representations.

In yam defect detection, deep learning models gradually extract low-level features such as local textures and shapes
by inputting yam image data and performing convolution and pooling operations. Then, by combining multiple convo-
lutional layers, higher-level features such as local texture patterns and concave convex inequalities are extracted. Finally,
these features are combined through a fully connected layer and input into the classifier for judgment and classification.
The feature extraction of the deep learning model is carried out through the backpropagation. By minimizing the Loss
function, the model can automatically learn the optimal feature representation. This end-to-end training method can
fully utilize a large amount of data and adapt to different types and forms of yam defects [3].

3.2 Construction and training of defect detection models

In yam defect detection, constructing and training appropriate deep learning models is a key step. They can accurate-
ly detect yam defects by learning the feature representation of samples. The entire detection process is shown in Figure
1, and the overall architecture is shown in Table 1.
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Figure 1. Schematic diagram of defect detection process.
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Table 1. Defect Detection Architecture Table

Layer Output size KSize Stride Repeat Output channels
Image 224 x 224 3
Convl 112 x 112 3x3 2 24
MaxPool 56 x 56 3Ix3 F 24
Stage2 28 x 28 2 1 136
28 x 28 1 3 136
Stage3 14 x 14 2 1 272
14 x 14 1 r 4 272
Staged 7x7 2 1 544
7x7 1 2 544
GlobalPool 1x1 7x7 1
FC 1000
Output 2(4)

(1) When selecting a suitable deep learning model for yam defect detection, it is necessary to consider the size and
complexity of the dataset, as well as the requirements for accuracy and efficiency. The following are several commonly
used deep learning models.

Firstly, CNN is one of the most commonly used deep learning models for image processing tasks. It gradually ex-
tracts image features through convolutional and pooling layers, and classifies them through fully connected layers. For
yam defect detection, common CNN architectures such as VGGNet, ResNet, and Inception can be selected. These
models have Deep structure and surface structure and strong feature extraction ability, and are suitable for processing
complex yam defect features. Secondly, if it is necessary to detect multiple defects in yam images and calibrate their
positions, a target detection model can be selected. Common object detection models include Faster R-CNN, YOLO
(You Only Look Once), and SSD (Single Shot MultiBox Detector). These models can achieve high detection accuracy
and output defect bounding boxes and category information. Finally, if pixel level segmentation is required for yam
images, where each pixel in the image is classified as defective or normal, an image segmentation model can be selected.
Common image segmentation models include U-Net, Mask R-CNN, and DeepLab. These models can accurately seg-
ment defect areas at the pixel level, which is more effective for requiring more precise defect analysis and localization.

When selecting a suitable model, it is also necessary to consider the size and complexity of the dataset. If the data set
is small, you can choose a lightweight model or use the Transfer learning method to fine tune the model through pre
training on a large data set. For large-scale and complex datasets, deeper model structures or strategies such as mul-
ti-scale inputs can be chosen to improve performance. In addition, the training and inference efficiency of the model
also need to be considered. Some models, such as YOLO and SSD, perform well in terms of speed and are suitable for
real-time or efficient application scenarios. Some models, such as Mask R-CNN and U-Net, perform better in accuracy
and detailed segmentation, making them suitable for more precise analysis and processing of defects.

(2) Dataset preparation: In order to train the defect detection model, an annotated dataset containing normal yams and
various defects is required. The dataset should cover different types of defects and ensure sample diversity and repre-
sentativeness. During the dataset preparation process, image annotation is required to label the defect areas in the yam
image as regions of interest (ROI). These annotated data will be used as training samples for model training and evalua-
tion, as shown in Figure 2.
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(3) Model training, using the prepared dataset, will train the selected deep learning model using the evaluation for-
mula shown below.

TP + TN
Accuracy =— — : -
© TP+ TN+FFP+FN
TP
Recall = ——
TP + FN

During the training, the weights and parameters of the model are constantly adjusted through the backpropagation
and optimizer to minimize the Loss function. The evaluation trend is shown in Figure 3.
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Figure 3. Evaluation Trend Chart.

At the same time, data augmentation techniques such as random rotation, translation, scaling, and mirroring can be
utilized to increase the diversity of the dataset and improve the robustness and generalization ability of the model. The
goal of training is to enable the model to accurately distinguish between normal yams and various defects, and to accu-
rately locate and segment defects.

(4) After completing the model training, evaluating and optimizing it is a committed step to ensure the performance
of the defect detection system. By verifying on the test set, the performance of the model can be objectively evaluated
and a series of evaluation indicators can be calculated, such as accuracy, recall, accuracy, and F1 score. These indicators
can comprehensively measure the performance of the model in different aspects, thereby helping to understand the
strengths and weaknesses of the model.

By evaluating the results, the performance of the model can be analyzed and optimization directions can be found.
For example, accuracy and precision can reflect the accuracy of the model, recall measures the model's ability to detect
defects, and F1 score comprehensively considers the balance between accuracy and recall. Based on these indicators, it
is possible to determine whether the model has issues such as missed or false alarms, and then adjust the hyperparame-
ters, network structure, or training strategies of the model.

When optimizing the model, the following aspects can be considered. First, adjusting super parameters is a common
optimization method, such as Learning rate, batch size, etc., to find better model convergence and generalization ability.
Secondly, enhancing the training data, such as image rotation, scaling, and cropping, can expand the dataset and im-
prove the robustness of the model. In addition, based on the evaluation results, network structure adjustments can also
be made to address the weaknesses of the model, such as increasing or decreasing the number of layers in the network,
adjusting the size of convolutional kernels, etc. In addition, overfitting is a concern that can be addressed by using re-
gularization methods or increasing the diversity of the dataset. Finally, if the evaluation results show that the model
performs poorly on certain types of defects, it can be considered to increase the number of corresponding types of sam-
ples or adopt a sample balance strategy to improve the performance of the model. Through continuous evaluation and
optimization, the defect detection capability of the model can be gradually improved to meet practical application needs
and achieve higher detection accuracy and reliability [4].

3.3 Design and Implementation of Automatic Grading Algorithm

Automatic grading is an important task in yam defect detection, which can classify detected defects according to their
severity or category, providing reference for subsequent processing and decision-making. The combination of computer
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vision and deep learning technology can achieve efficient and accurate automatic grading.

(1) In automatic classification algorithms, the first step is to extract the features of yam defect images. Pre trained
deep learning models, such as the feature vectors of the convolution layer or full connection layer of Convolutional
neural network (CNN), can be used as the characterization of defect images. These feature vectors have strong expres-
sive ability and can capture key information such as the shape and texture of defects.

(2) In order to achieve automatic classification, it is necessary to design appropriate classifiers for hierarchical model
design. Traditional machine learning algorithms such as support vector machine (SVM) and Multilayer perceptron
(MLP) can be used, and deep learning models such as Convolutional neural network (CNN) or Recurrent neural net-
work (RNN) can also be used. These models can be trained based on the characteristics of defect images to learn the
distinguishing ability between different defect categories.

(3) Dataset preparation and annotation, in order to train and test the hierarchical model, it is necessary to prepare a
labeled dataset. When annotating datasets, defect images need to be annotated according to their severity or category. In
this way, the grading model can learn different levels of defect features and perform automatic grading.

(4) Model training and evaluation, use prepared datasets to train and optimize the hierarchical model. Cross valida-
tion and other techniques can be used to evaluate the classification performance of the model on unprecedented data.
Based on the evaluation results, the model can be adjusted and improved to improve the accuracy and stability of its
classification [5].

4. Conclusion

In summary, the combination of computer vision and deep learning for yam defect detection and automatic grading
research has important research significance and practical application value. By overcoming the limitations of tradition-
al methods and utilizing computer vision and deep learning technologies, accurate detection and automatic grading of
yam defects can be achieved, providing strong support for the development and quality control of the yam industry.
Future research can further improve algorithms and models, solve practical problems, and promote the widespread ap-
plication of computer vision and deep learning in the field of agricultural product quality detection.
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