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Measurement of tomato fruits quantity at different ripening stages based
on color point cloud images
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Abstract: [Objective] In order to measure the number of tomato fruits at different ripening stages in green-
house, a method based on color point cloud images was proposed. [Method] The image information of tomato
in greenhouse was collected by KinectV2.0 on the mobile platform to synthesize the tomato plant point cloud,
then the tomato plant point clouds from two perspectives were synthesized into a point cloud, and the point
cloud of nearby tomato plant was obtained by depth information interception. The labeled point cloud data were
input into the PointRCNN object detection network to train the prediction model and recognize tomato fruit in
the tomato plant point cloud. Finally, support vector machine(SVM) classifier based on feature matrix training

was used to classify ripeness of the identified fruits, and the number of tomato fruits at different ripening stages
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was obtained. [Result] The precision rate of the method based on PointRCNN object detection network for

identifying the number of tomato fruits was 86.19% and the recall rate was 83.39%. The accuracy of SVM

classifier based on feature matrix training for predicting the ripeness of tomato fruits was 94.27% in the training

set and 96.09% in the test set. [Conclusion] The measurement method based on color point cloud images

can accurately identify the number of tomato fruits at different ripening stages, and provide data supports for

evaluating the yield of tomato fruits in greenhouse.
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Table 1 Color characteristics of tomato fruits at different ripening stages
PR AE L3 Tl e e AR5 2 HU %
Color feature Mature-green Breaker Ripe Fully ripe Coefficient of variation
MR 141.88 181.70 184.16 204.71 12.17
HG 120.48 181.78 141.47 72.35 31.14
MB 72.56 104.14 87.92 66.99 21.77
s 127.12 114.28 127.06 176.60 17.56
oy 120.63 184.04 184.21 204.72 12.62
oR 1265.75 1777.64 1930.25 1876.25 27.45
el 1636.00 1853.18 1288.50 1209.70 34.39
OB 882.39 1186.65 1083.63 1029.84 35.69
o 426.20 334.06 488.73 742.12 57.12
oy 1637.36 1835.46 1927.17 1876.10 26.59
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Fig. 8 Recognition results of tomato fruit
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Table2 Accuracy evaluation of tomato fruit position

recognition based on PointRCNN object detection

network
PN FLIRE  FREAELKIE PO MRS %
Point cloud Center ~ Mean side length of  Center relative
sequence number distance (D;) dimension box (R;) error (CR)

1 0.943 1.579 59.72

2 0.595 1.564 38.04

3 0.606 1.487 40.75

4 0.140 1.410 9.93

5 0.562 1.572 35.75

47 0.415 1.496 27.74

48 0.741 1.528 48.49

49 0.236 1.546 15.27

50 0.547 1.389 39.38
FEI{E Mean 36.83
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