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Research on fast recognition of banana multi-target features by
visual robot in complex environment

WU Fengyun, YE Yaxin, CHEN Siyu, Al Puye, ZOU Xiangjun, DUAN Jieli
(College of Engineering, South China Agricultural University, Guangzhou 510642, China)

Abstract: [Objective] Aiming at fast recognition of multi-feature variable target by robot vision in field
environment, and considering the problem that the accuracy of target is affected by leaves, shade and light, a fast
recognition method of multi-feature target was proposed. [Method] A multi-scale feature extraction and
classification model was proposed for three targets including banana fruit, fruit axis and flower bud. New target
candidate box parameters were designed using clustering algorithm. The network structure parameters of
YOLOvV3 model were optimized and the YOLO-Banana model was proposed. In order to balance the speed and
accuracy, YOLO-Banana and Faster R-CNN were used to conduct experiments on banana multi-targets with
varying sizes. The effects of algorithms on recognition accuracy and speed were analyzed. [Result] The
average accuracies of YOLO-Banana and Faster R-CNN algorithms on banana fruit, fruit axis and flower bud

were 91.03% and 95.16% respectively, average recognition time per photo was 0.237 and 0.434 s respectively.
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Therefore the accuracies of two algorithms were both above 90%. YOLO-Banana had relatively 1.83 times faster

speed than Faster R-CNN, better satisfying the requirement of real-time operation. [ Conclusion] In the wild

environment, utilization of YOLO-Banana model for banana multi-target recognition can meet the speed and

accuracy requirements for visual recognition by the bud-breaking robots.

Key words: Deep learning; Flower bud; Fruit axis; Multi-feature; Multi-target recognition; Fast classification
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detection under frontlight and backlight
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Fig.2 YOLOV3 network structure based on banana multi-feature target
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Table 1 Parameters of banana multi target candidate box for banana
5 I%EHESEL Parameters of candidate box 1 2 3 4 5 6 7 3 9
BT HE i Height of new candidate box 23 25 28 31 43 51 66 169 172
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al, bl, ¢l FARFHEFFE; a2(1.00, 0.93, 0.99), b2(0.99, 0.92, 0.98), c2(1.00, 0.98, 1.00) F7~ YOLO-Banana 5 7% 4bF 5 ()7 4 F1% 5 23(1.00, 1.00, 1.00),
b3(1.00, 1.00, 0.999), ¢3(1.00, 1.00, 0.999) s Faster R-CNN # L 4b 3 5 ¥ 7 4 B 15 s 155 P B 2 AR ST x4 R s, SR ANAE T8 TR LA P
al, bl and c1 are original images of banana; a2(1.00, 0.93, 0.99), b2(0.99, 0.92, 0.98), ¢2(1.00, 0.98, 1.00) are banana images treated by YOLO-Banana
model; a3(1.00, 1.00, 1.00), b3(1.00, 1.00, 0.999), ¢3(1.00, 1.00, 0.999) are banana images treated by Faster R-CNN model; The numbers in parentheses
represent the confidence of the algorithm for banana fruit, fruit axis and flower bud, respectively
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Fig. 4 Comparison of banana test results under frontlight
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al is original image of banana, a2 (0.97, 0.35, 0.99)is banana image treated by YOLO-Banana model; a3 (1.00, 0.999, 0.999) is banana image treated by
Faster R-CNN model; The numbers in parentheses represent the confidence of the algorithm for banana fruit, fruit axis and flower bud, respectively
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Fig. 5 Comparison of banana test results under backlight
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Table 2 Comparison of multi-target feature detection results for banana between YOLO-Banana and Faster R-CNN

. 1% Flower bud F5L Fruit HHl Fruit axis ST %
Model VIR AEEY  OTEMREY BEENM  OTEREN AR, Meanofaverage s
Average precision  Recall ~ Average precision  Recall ~ Average precision  Recall precision
Faster R-CNN 99 99.48 98 98.05 89 89.51 95.16 0.434
YOLO-Banana 97 97.38 95 95.12 81 85.19 91.03 0.237
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Table 3 Comparison of multi-target detection results for banana between YOLO-Banana and Faster R-CNN
under frontlight and backlight conditions %,
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R Flower bud average precision  Fruit average precision  Fruit axis average precision ~ Mean of average precision
Model JBe W ;6 UL i Ui gt SULbi
Frontlight Backlight Frontlight ~ Backlight Frontlight Backlight Frontlight Backlight

Faster R-CNN 100 100 100 100 93 92 97.64 97.47
YOLO-Banana 100 98 100 93 83 97.58 91.24
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