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Root Diameter Prediction Method of Fruit Trees Based on
Ground Penetrating Radar and Deep Learning

LI Guanghui WANG Zhexu XU Hui LIU Min
(School of Artificial Intelligence and Computer Science, Jiangnan University, Wuxi 214122, China)

Abstract; The size and depth of fruit tree roots can reflect the growth and health of fruit trees and affect
the profits of the orchardist. However, the roots are more difficult to observe and sample than the
subaerial parts of fruit trees, such as the tree trunk, branches, and crown. Ground penetrating radar
(GPR), as an emerging non-destructive testing technology, has the advantages of simple operation and
convenient carrying. However, using GPR to quantify the radius of the roots is still a challenging task. To
that extent, a prediction method for tree root radius and depth was proposed based on GPR and
convolutional neural networks. Firstly, the simulated one-dimensional data of ground penetrating radar
(A —Scan) was used as the data set to train the model. Secondly, the attention mechanism allocated
more weights to essential features, highlighting key features and speeding up convergence. Finally, the
feature information was extracted through the convolutional layer. The local features learned by the
previous convolutional layer were integrated into the global features of the A —Scan data through the fully
connected layer to predict the root radius and depth accurately. The model was tested on simulation data
and real data. In the simulation experiment, the maximum error of root radius prediction was 2.9 mm,
the coefficient of determination value was 0.990, the root mean square error was 0. 000 68 m, the
maximum error of root depth prediction was 11.2 mm, the coefficient of determination value was 0. 999,
and the root mean square error was 0. 002 0 m. In the field experiment, the maximum error of sample
roots radius prediction was 1. 56 mm. The maximum error of sample roots depth prediction was 9. 90 mm.
The total average relative error was 5. 83% , indicating the proposed method’s efficacy for estimating the
radius and depth of roots.
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Fig.7 Results of prediction
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Tab.2 Performances comparison of different models

fibil] n KRz RUERE AR
S P mm R? R/ m
RandomForestRegressor' ¥ 9.5 0.864  0.00256
DecisionTreeRegressor! > 17.9 0.635  0.004 08
ExtraTreeRegressor' ") 18.2 0.738  0.00335
s KNeighborsRegressor!*$) 13.5 0.799  0.003 11
%
GradientBoosting > 13. 1 0.660  0.004 06
AdaBoostRegressor 4 12.0 0.319  0.00590
Bagging!*! 11.3 0.838  0.002 82
AC-Net-R 2.9 0.990  0.000 68
RandomForestRegressorl ¥ 27.6 0.994  0.0053
DecisionTreeRegressor! >/ 31.9 0.992  0.0076
ExtraTreeRegressor>] 74.3 0.987  0.0073
__ KNeighborsRegressor'*] 26. 1 0.993  0.0056
W
GradientBoosting ] 53.2 0.982  0.0094
AdaBoostRegressor! 53.3 0.959  0.0146
Bagging'*! 29.7 0.993  0.0057
AC—Net—D 11.2 0.999  0.0020
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Tab.3 Data of sample roots
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Tab.4 Results of sample roots prediction
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{i/mm {H/mm 2/mm {/mm {H/mm 2/mm {H/mm H/mm 2/mm {E/mm H/mm 2/mm {E/mm E/mm 22/mm %/%
24E 9.80 9.13 0.67 17.56 18.75 1.19 15.30 16.86 1.56 11.50 11.40 0.10 20.30 21.58 1.28 6.19
A "
W 106.00 114.50 8.50 71.00 63.10 7.90 123.00 128.80 5.80 139.00 148.90 9.90 118.00 126.10 8.10 7.56
H42 9.80 10.35 0.55 17.56 16.56 1.00 15.30 14.24 1.06 11.50 10.13 1.37 20.30 19.60 0.70 6.71
B
WRIE  242.00 248.10 6.10 206.00 200.90 5.10 218.00 225.00 7.00 181.00 171.60 9.40 195.00 193.30 1.70 2.85
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