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Automatic Detection of Passion Fruit Based on Improved Faster R-CNN
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(‘a. College of Mathematics and Informatics; b. Experimental Basis and Practical Training Center,

South China Agricultural University, Guangzhou 510642, China)

Abstract: Passion fruit is dense in orchards and the growing environment is relatively complex, which makes it difficult
to identify, pick and estimate the yield for passion fruits. In this paper, the colour image of the passion fruit in the
natural growth environment is taken as the research object, and the fruit is divided into four categories: unobstructed,
occluded, overlapping fruits and background, respectively, and the improved faster R-CNN target detection algorithm is
proposed for the automatic detection and yield prediction of passion fruit under the deep learning framework. Firstly,
residual network fusion FPN is used to extract the multiscale features of passion fruit, then the ROI region is extracted
by RPN network, and finally achieve the classification and detection of passion fruit through full connection layer. In the
test set, its best mean average precision reached 87.98% , the average precision and average recall rate reached
90.79% and 90.47% , respectively. The detection time of each picture is about 0. 178 s. This algorithm achieves the
96. 80% of precision rate in yield estimation. Therefore, the faster R-CNN target detection algorithm based on FPN +
ResNet-101 feature extraction can be applied to the fast and accurate detection of passion fruitand yield estimation.
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