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Deep learning-based inverse identification of multi-target parameters for tree
rooting ground-penetrating radar

Li Shuang Zhang Xiaowei Tan Xu Xu Lingfei Lii Shenghua Wen Jian
(School of Technology, Beijing Forestry University, Beijing 100083, China)

Abstract: [Objective] This paper takes multi-target detection and multi-parameter estimation of root radar
images using deep learning methods. [Method] In this study, a network model with YOLOvS5s and CNN-
LSTM as the main framework was constructed to achieve multi-target detection and multi-parameter
estimation of root radar scanning images. Firstly, the root system radar profile data required for the
experiments were obtained through simulation and pre-embedding experiments, and at the same time, in
order to increase the diversity of the data, a batch of simulation data with the characteristics of real radar
images were obtained using CycleGAN style migration network; then, the root system response region was
identified and extracted using the YOLOvVSs target detection network; then, the frequency domain transform

was introduced to obtain the frequency domain features and fuse the time domain features and frequency
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domain features of the root system radar image; finally, a convolutional neural network (CNN), a
convolutional attention mechanism, and a long short-term memory network (LSTM) were used to emphasize
and extract the information features related to the root system parameters, and a multi-task learning approach
was used to achieve the prediction of the root system radius, depth, relative permittivity, and horizontal
angle. [Result] (1) In the simulation experiments, the maximum error in the estimation of root radius was
4.3 mm with R* of 0.980 and a root mean square error of 1.32. The maximum error in the estimation of depth
was 35.1 mm with R* of 0.962 and a root mean square error of 17.68, and the maximum error in the
estimation of relative permittivity was 3.1 with R? of 0.960 and a root mean square error of 1.10, and the
maximum error in the estimation of the horizontal angle was 10.2°, with R* of 0.821 and the root mean
square error was 4.96. (2) The average relative error of root radius estimation on measured data was 9.112%,
the average relative error of depth estimation was 5.772%, and the average relative error of horizontal angle
estimation was 11.25%. [Conclusion] The experimental data show that the method proposed in this paper

can facilitate root detection and root parameter estimation.
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Tab.3 Comparison of accuracy of different structural network models

— " = — =
1\?0%31 Pafrﬁter CA  FPN  CBAM Maximiﬁrrjlii@s?ﬁtae%fle error R Root fngezl*:&;fa%e error
F 4% Radius/mm 5.6 0.952 2.32
YA Depth/mm 459.0 - 266.30
Model-1
AHXT A1 B I Relative permittivity 204 . 16.94
7K f4 Horizontal inclination/(°) 19.5 0.701 6.28
224% Radius/mm 103 0.930 2.65
% Depth/mm 58.2 0.952 19.04
Model-2 o5t 4 B8 Relative permittivity V. 42 0.957 1.19
7K P51 Horizontal inclination/(°) 13.0 0.746 5.76
4% Radius/mm 7.7 0.950 241
K% Depth/mm 78.5 0.947 19.63
Model-3 ST HLH £ Relative permittivity 3 43 0.948 1.31
7K>F-{ii f4 Horizontal inclination/(°) 13.3 0.773 5.46
4% Radius/mm 10.9 0.921 2.93
YA Depth/mm 73.7 0.936 21.52
Model-4 ST B H £ Relative permittivity \ v 8.4 0.899 1.82
7K f4 Horizontal inclination/(°) 12.1 0.793 5.21
224% Radius/mm 43 0.980 1.32
% Depth/mm 35.1 0.962 17.68
ModelN b/ A M Relative permittivity ¥ Y 3.1 0.960 1.10
7K f4 Horizontal inclination/(°) 10.2 0.821 4.96

VE: R FRIR T A D, VR P Al B T %R, A R R A A A {8 B R MR . Notes: “— indicates a negative coefficient and V

indicates that the module is used in the network, blank indicates that this module is not used in the model.
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Tab. 4 Predicted results of sample root parameters of pre-embedded experiment
R & }-1% Root radius L R IR FE Root depth

fiHE  daxfiizE MxhRZE H9E MHHE AWiRZE MRE BSME NIME TRz MxHRE
Real  Estimated Absolute Relative Real  Estimated Absolute Relative Real Estimated Absolute Relative
value/mm value/mm error/mm error/%  value/mm value/mm error/mm error/%  value/(°) value/(°) error/(°)  error/%

JK~F16i /4 Horizontal inclination

FEER gy

No. Image

R 22.0 20.7 13 5.91 278 287 9 3.24 90 84 6 6.7
R2 QP 231 23.7 0.6 2.60 273 271 2 0.73 75 63 12 16.0
R e 276 28.9 13 471 245 269 24 9.80 60 64 4 6.7
R4 [N 315 23.5 8.0 25.40 268 296 28 10.45 45 52 7 15.6
RS B 216 20.1 15 6.94 302 288 14 4.64
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