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Classification identification and spatial localization of kiwifruit
based on the improved YOLOX

Liu Bowen Xu Weiping Xu Qin Chen Huawei

(School of Mechanical and Electrical Engineering, Guizhou Normal University, Guiyang 550025, China)

Abstract: Fast and accurate identification and localization of fruits in complex natural environments is the key and difficult
point of kiwifruit robotic arm picking. For kiwifruit real-time picking applications, deep learning-based kiwifruit
classification and recognition algorithms, spatial localization model construction and robotic arm picking experimental
research were carried out. The one-stage YOLOX algorithm model of Anchor_Free is preferred, and the feature fusion
link of this model is improved by introducing an attention mechanism, adjusting the number of channels, increasing
feature fusion, and stacking feature fusion, which improves the accuracy of classifying and recognizing kiwifruit fruits in
unstructured environments. The experimental data show that the AP of the improved YOLOX algorithm for no
occluded, leaf occluded, branch occluded and fruit occluded is improved to 99.38%,98.43%,93.82% and 92.98%.
respectively, the mAP reaches 96.15% , its average F, value is improved to 94. 24 %, and its average detection time is
0. 019 s/space at 640X 640 resolution. Further, the three-dimensional spatial position of the recognized target is solved
using the image depth information and verified by physical experiments, in which the fruit localization coordinate error is
<3.3%. The algorithm achieves superior overall performance in terms of recognition rate, detection time and
localization error to meet the real-time fruit recognition and localization requirements in kiwifruit robotic arm picking.

Keywords: robotic arm picking; target categorization and identification; deep learning; YOLOX; spatial localization
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Fig. 7 Kiwifruit space coordinates acquisition process
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Table 6 Spatial coordinate error analysis
e AL AR /mm 2 BR AL bR/ mm B2/ mm
N (X.Y.2) (X.Y.2Z) (X,Y.2)
1 (—110.44,54.53,699) (—111.54,52.43,698) (+1.1,+2.1,+D
2 (—94.91,228.28,792) (—96.71,230.18,786) (+1.8,—1.9,+6)
3 (—182.33,71.76,831) (—181. 33,69.46,827) (—1,+2.3.+4
4 (—123.96,—157.27,833) (—123.16,—159.37,836) (—0.8,+2.1,—3)
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- T AL HR /mm 52 bR AL BR /mm 2 /mm
(X.Y.2) (X,Y.Z) (X,Y.2Z)

5 (—112.17,83.45,908) (—112.97,81.85,911) (+0.8,+1.6.—3)

6 (—51.00,55.46,706) (—49.50,57.26,710) (—1.5,—1.8,—4

7 (—116.48,129.14,854) (—114.88,127.44,859) (—1.6,+1.7,—5)

8 (—210.33,—13.46,848) (—208.93,—14.36,842) (—1.4,+0.9,+6)

9 (—218.43,67.94,904) (—217.73,66.36,899) (—0.7,+1.6,+5
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