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Abstract

Traditional detection methods usually rely on naked eye observation
by experienced people, or use some equipment (such as hardness testers,
refractometers, etc.). However, most of the above-mentioned detection
methods will damage the appearance integrity of the fruits being tested. It
was not until recent years (2021 AD) that a near-infrared spectrometer
appeared that could detect the ripeness of the fruit without damaging its
appearance integrity. However, because it has not yet been
commercialized and mass-produced, it is not yet able to help local tomato
farmers in Taiwan detect tomato ripeness. degree, so we decided to use
image recognition to help solve this problem.

Process and Methods

This topic uses the YOLOvV7 and DETR models to identify fruit
maturity, uses the tomatOD data set to train and test the model, and then
uses the photo data set taken by myself in the tomato garden to
sequentially distinguish the maturity, training set and test set according to
8: 2 Proportional distribution and marking of the occurrence proportions
of various maturity levels.

The next step is to conduct model training, using YOLOv7 and
DETR to train respectively. Compare the characteristics, training
parameters, loss value curves, F1-score Confidence curves, Precision
Recall curves, etc. of both sides to get the advantages and disadvantages
of YOLOv7 and DETR.

Conclusion

According to the obtained evaluation indicators, except that Precision
is slightly worse, the other three indicators of YOLOV7 are significantly
better than DETR, so we believe that YOLOV7 1s better than DETR in
judging tomato maturity. If the Internet of Things can be combined with
remote monitoring and more local tomato data in Taiwan can be used for
training, it is expected to benefit local tomato farmers in Taiwan and
make it easier to care for and harvest tomatoes.
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