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Recognition of Mature Tomato Fruits with Different Occlusion
Degrees Based on Lightweight YOLOv4
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Abstract: [ Purpose] To propose an improved YOLOv4 approach for the recognition of mature to-
mato fruit, and to solve the prevalently inaccurate identification of tomato by picking intelligent robot,
which was due to the occlusion by branches and leaves. [ Methods ] The deep learning algorithm
was employed to introduce lightweight modules such as Mobilenetv2, Mobilenetv3, and Ghostnet in-
to the convolutional neural network YOLOv4 algorithm for the feature extraction and identification
analysis of mature tomato fruits, with an occlusion degree of less than 35%, 35%-65%, and more than
65%. [ Results ] The three lightweight modules of YOLOvV4 could achieve a recognition rate of over
90% for tomato fruits with a shielding area of less than 65%. Among the three modules, the Ghostnet-

YOLOV4 algorithm had the highest recognition rate and the most stable performance, with an average
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recognition rate of 94.41% and a detection speed of 0.012 s. The recognition rate of the algorithm for

fruits covered by more than 65% was obviously better than that of the other two algorithms. The reco-

gnition rate of the three algorithms decreased as the occlusion degree increased. [ Conclusion ] The

Ghostnet-YOLOV4 algorithm can be applied to the identification of tomato fruits, with high recogni-

tion rate and fast speed, and it has obvious advantages in the identification of covered tomatoes. This

study can provide better concepts and a technical foundation for picking strategy of robots.

Keywords: tomato recognition; YOLOv4; different occlusion degree; lightweight network
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Fig. 1 Images of mature tomato fruits
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Fig. 4 Deep separable convolution
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Fig. 5 Recognition results of mature tomato fruits with different shading degrees
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Tab. 1 Test results of tomato fruit recognition with lightweight YOLOv4

HU #/% recognition rate

P 2 A ST A% oI i B /s 2K /NMD
network module tomatos tomatoh tomatom mean recognition rate detection speed model size
Mobilenetv2 94.52 94.60 82.15 90.42 0.014 46.5
Mobilenetv3 94.64 91.15 84.16 89.98 0.015 53.7
Ghostnet 95.56 94.16 93.50 94.41 0.012 42.5

VE: tomatos. tomatohlltomatom?4) I 7~ 2 i Ft LA UL R4 THI AR <35%-  35%~65%A1>65%.
Note: tomatos, tomatoh, and tomatom represent the datasets with less than 35%, 35%-65%, and more than 65% of the shaded area of tomato fruits,

respectively.
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