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Real-Time Tomato Instance Tracking Algorithm by
using Deep Learning and Probability Model
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Abstract: Recently, a smart farm technology is drawing attention as an alternative to the decline of
farm labor population problems due to the aging society. Especially, there is an increasing demand for
automatic harvesting system that can be commercialized in the market. Pre-harvest crop detection is
the most important issue for the harvesting robot system in a real-world environment. In this paper, we
proposed a real-time tomato instance tracking algorithm by using deep learning and probability
models. In general, It is hard to keep track of the same tomato instance between successive frames,
because the tomato growing environment is disturbed by the change of lighting condition and a
background clutter without a stochastic approach. Therefore, this work suggests that individual tomato
object detection for each frame is conducted by YOLOv3 model, and the continuous instance tracking
between frames is performed by Kalman filter and probability model. We have verified the
performance of the proposed method, an experiment was shown a good result in real-world test data.

Keywords: Tomato Instance Tracking Algorithm, Object Detection, Kalman Filter, Probability Robot,

Automatic Harvesting Robot, Smart Farm
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[Fig. 1] Example of growing tomato instances in a practical

farm environment
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[Fig. 2] Diagram of harvest robot control system for smart farm
application
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[Table 1] Individual instance detection result for each ripening
stage based on object detection deep learning model (AP:
average-precision, loU: intersection-over-union)

AP (1o0U%50) # TP #FP
Ripening Green 0.87 406 52
stage Orange 0.74 61 12
Red 0.85 177 12

[Fig. 4] Camera-lighting source system for image data acquisition in
facility horticultural tomato farm and sample images collected by it

| -~
[Fig. 5] Tomato instance tracking result based on the proposed
method
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[Table 2] Comparison of ripening stage classification performance
according to applying deep learning model versus deep learning +
KF + PM

Deep learning model | Deep learning+KF+PM

Weighted Recall 0.74 0.70

Weighted Precision 0.72 0.75

1_resul_gts

1_resul_pres

g green 0.81 0.34 0.2 g green 0.05
= =
orange,  0.08 0.33 0.1 orange| 0.05
red 0.1 0.34 red)  0.29 0.14

green orange red green orange red
Predicted label Predicted label

[Fig. 6] Comparison of ripening stage classification performance
of tomato instance: (left) simple object detection deep learning,
(right) deep learning + KF + PM
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