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Evaluation of Appearance Quality of Cucumber Fruits Using Machine Learning
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Abstract

Amidst the surge in Al technological advancements, the application of computer vision for assessing the appearance quality of fruits and
vegetables has garnered significant interest. This study endeavors to enhance the consistency, efficiency, and objectivity in quality assessment by
employing image recognition Al to evaluate the appearance of cucumber fruits. We prepared a dataset comprising images of fruits categorized
into three quality grades—A, B, and C—based on fruit distortion and skin condition. The research involved developing a detection model using
YOLOVS and a quality grade classification model employing a convolutional neural network (CNN). Furthermore, we constructed a model to
estimate fruit length by comparing the pixel count of the detected fruit with a horticultural label serving as a length standard. Testing these models
yielded several key findings: (1) the object recognition model demonstrated high accuracy in detecting the position of the fruit within the image
and its detection range; (2) the transferred EfficientNet CNN model exhibited the highest accuracy in classifying fruit grades; (3) the developed
method enabled estimating the fruit length with an accuracy suitable for production site applications. Future efforts will focus on expanding the
image dataset, minimizing labeling errors, and enhancing classification accuracy by incorporating multiple quality classification criteria in the

labeling process.
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Fig.1  Cucumber fruit grading criteria used in this study
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Fig.2  Roboflow usage screen used for annotation
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Fig. 3 Evaluation indexes of object recognition model
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Table 1 Confusion matrix of 3-class classification predicted using object recognition model

predicted class

grade A grade B grade C
grade A 10 46 11
actual class grade B 40 33 13
grade C 4 7 14
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Table 2 Evaluating of classification accuracy of object recognition model

class accuracy F1score macrok;
grade A 0.433 0.165
grade B 0.404 0.384 0.331
grade C 0.803 0.444
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Fig. 4  Structure of the constructed convolutional neural network model in this study
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Fig. 5  Accuracy and the value of the loss function of CNN model during the learning process
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Fig. 6  Accuracy and the value of the loss function of transferred CNN models during the learning process
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Table 3 Confusion matrix for 3-class classification prediction using transferred EfficientNet

predicted class

grade A grade B grade C
grade A 39 20 8
actual class grade B 31 46 9
grade C 3 3 19
Object Recognition model Transferred EfficientNet model
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Fig.7  Comparison of confusion matrix for 3-class classification prediction

using object recognition model and transferred EfficientNet
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Table 4 Evaluating of classification accuracy of transferred EfficientNet

class accuracy F1score macrol;
grade A 0.652 0.557
grade B 0.646 0.594 0.591
grade C 0.871 0.623
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