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ABSTRACT

In agriculture, the quality of the crop is very important. Smart farm is an agricultural system that is useful
for maintaining the optimal environment in all processes from cultivation to harvesting, improving the quality
of crops, and reducing manpower waste through automation using information and communication technology.
A data set was constructed by collecting image data of flowers and fruits, which are one of the growth
indicators that affect the quality of tomato crops. Find a model. A data set is constructed by collecting image
data of flowers and fruits, which are one of the growth indicators that affect the quality of tomato crops.
Based on the constructed data set, we conduct an experiment to evaluate the tomato data set using an object
detection model and find the optimal model. The mAP@0.50 of those models(SSD, Yolo V3 and V4. Yolo
V4) showed the highest result with 92.82%. In the future, it will be possible to use this to find the location

and number of tomato’ flower, and to build a system that predicts the location and maturity of tomatoes fruit.
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Fig. 1. Tomato Images of flowers and fruits R X
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02 6. ErtE 2pel gt Yolo V4 Az}
Fig. 6. Yolo V4 results for tomato fruits
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