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Soil Volumetric Moisture Content Detection Based on Short-time Fourier
Transform of Ultra-wide Band Radar Echo

WEI Pengliang'> ZHOU Yuhong' WANG Ruozhen' GUO Jiao'?
(1. College of Mechanical and Electronic Engineering, Northwest A&F University, Yangling, Shaanxi 712100, China
2. Shaanxi Key Laboratory of Agriculture Information Perception and Intelligent Service, Yangling, Shaanxi 712100, China)

Abstract. Monitoring soil volumetric moisture content is crucial for enhancing agricultural production
efficiency and devising reasonable soil management strategies. Ultra-wide band radar, due to its high
resolution and strong penetration capabilities, is widely used in real-time monitoring of dynamic
agricultural soil information. However, previous processing of ultra-wide band radar signals mainly
focused on time-domain features, neglecting the equally informative frequency-domain characteristics.
This oversight limited the utilization of echo signals in the inversion process of soil volumetric moisture
content, thereby constraining the inversion accuracy. The soil echo signals obtained from ultra-wide band
radar and extracts features related to soil volumetric moisture content were preprocessed. The signals were
analyzed by using short-time Fourier transform ( STFT) to investigate the time-frequency spectral
characteristics related to soil volumetric moisture content variations over time. Furthermore, a soil
volumetric moisture content classification and regression prediction algorithm model was established by

combining these features with a convolutional neural network ( CNN). Experimental results showed that

R H A 2024 —04-09 & H . 2024 —05 - 17

ESWMA: P Rm AR 55 2% L 505 4 00 H (2452023048 ) FIRE7E 45 @ i BF & 3120035 3 (2020GY - 162)

EZ B MMEsE (1993—) 55, Bl 1 1, 2N A0l 12 S0 AT 5, E-mail : weipengliang@ nwafu. edu. cn
BAEEE: W22 (1984—) , T3 B B2 18 42 T 0, 3222 DA S50l 38 R FHORS i Ak BF 5T, E-mail ; gjiao@ nwafu. edu. cn



R

FREM S 5 JHE TR T T A 9 T R A 4 ) B K AR T

353

based on data augmented with Gaussian white noise, the overall accuracy and Kappa coefficient for soil
volumetric moisture content classification using time-frequency features combined with the CNN model
were respectively 98. 69% and 0. 984 9. Compared with support vector machine (SVM) model built with
ten time-domain features and the normalized difference vegetation index ( NDVI) , there was an increase
in overall accuracy by 21. 78 percentage points and an improvement in the Kappa coefficient by 0. 251 5.
For soil volumetric moisture content regression prediction, combining time-frequency features with a
convolutional neural network regression ( CNNR) model, the coefficient of determination (R*) was
0.987 2, the root mean square error (RMSE) was 0.004 8 cm®/cm’, and the relative percent difference
(RPD) was 6.273 8. Compared with the CNNR model established with ten time-domain features and
NDVI, there was an increase in R* by 0.231 6, a reduction in RMSE by 1.337 7 ¢m’/cm’, and an
improvement in RPD by 4. 271 4. Overall, the method proposed showed a clear advantage over traditional

signal detection and processing methods in terms of classifying and predicting soil volumetric moisture

content.

Key words: soil volumetric moisture content; ultra-wide band radar; STFT; CNN
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Fig.3  Soil information radar echo signal
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moisture content classification prediction models
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Fig.9 Prediction results of soil volumetric moisture

content of CNNR driven by STFT time-spectrum feature
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Tab.3 Comparison of performance of different soil

volumetric moisture content prediction models
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