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Abstract

The quality and yield of a soil can be measured by using a wide range of
soil indicators. One such indicator is soil’s electro-conductivity which is
an excellent indicator of the presence of soil nutrients. This work aims to
create a machine learning model to predict the soil’s electro-conductivity
(EC) using radar images from the satellite Sentinel-1. Using EC readings
from 14 corn field parcels and Sentinel-1 readings over the course of one
agriculture year, several regression models were generated. These mod-
els were designed using information from the full agriculture year or only
3 months, both or only one of the VV and VH polarisations. The results
show that when using a full year data VV and VH polarisations are able to
generate models with similar performance (R? of 0.888 for VH and 0.884
for VV) but when using only 3 months data, only April to June trimester
using both polarisations are able to reach similar a performance (R* of
0.867); moreover VH polarisation seems to carry out more descriptive in-
formation when compared with VV (specially when using only 3 months
data). Finally, performance results seem to be independent of the yearly
radar data time-window.
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1 Introduction

Precision farming incorporates a series of strategies and tools that allow
farmers to optimise and increase soil quality and productivity putting in
place a set of targeted key interventions. These interventions are se-
lected based on collected information of minerals, nutrients, water, soil
texture, drainage conditions, salinity, and other soil characteristics over
farmland [3]. Soil electro-conductivity (EC) is one of simplest, and least
expensive soil measurements available to precision farming [5].

Recently, soil properties are being obtained using remote sensing
techniques [2]. Sentinel-1 [4] is a synthetic aperture radar instrument
(SAR) satellite that consists of a set of two satellites, Sentinel-1A and
Sentinel-1B, which share the same orbital plane with a 12-day revisiting
period. This set of satellites provides images in two different polarisa-
tions: VV (vertical transmit, vertical receive) and VH (vertical transmit,
horizontal receive).

In a previous work [1], Sentinel-1 information was used to build mod-
els able to classify soils as sandy, free and clayish (by discretizing EC
values) achieving F1-scores between 54.44% and 75.6% for clayish and
free soils, respectively, over a test set of 13001 points. The current work,
instead, aims at predicting the EC value itself. Besides studying if polar-
isations have different discriminative power, it also studies which months
are more informative and if the sentinel data from different years gener-
ates models with similar performances.

The rest of the paper is organized as follows: Section 2 introduces
the data sets and algorithms used, describes the experiments performed
and the experimental setup; Section 3 presents and discusses the results
obtained; finally, Section 4 concludes the paper and presents future work.

2 Materials and Methods

2.1 Data sets

The on-site EC values were obtained between March 28 and May 3, 2016,
on a set of 14 parcels of corn fields located in Alentejo with a 10-meter
interval resulting in a total of 65003 points. Measured values ranged be-
tween 0.226 and 240.592; Figure 1 presents the distribution of the values.
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Figure 1: Histogram of EC values on the data set.

Radar data was collected from two time windows each corresponding
to full agricultural years: (a) from October 6, 2018 to September 25, 2019
(the most recent year available when data was collected) and (b) from
October 3, 2015 to September 28, 2016 (the year corresponding to the
EC readings). The data extracted for the 2018-2019 time window corre-
sponds to orbit 147 from both satellites because for Sentinel-1B there was
only data for that orbit (although information from more orbits existed
for Sentinel-1A). For 2015-2016 time window data was collected from 3
available orbits: 43, 50 and 145.

Similarly to the previous study [1], the 2018-2019 data is composed
by 120 descriptive attributes corresponding to VV and VH values from
both satellites over the considered time window (60 different dates; 30
from each satellite). Since satellite Sentinel-1B was only launched in
2016, the 2015-2016 data is composed by VV and VH values from Sentinel-
1A, composed by 27, 26 and 29 different dates for orbits 43, 50 and 145,
respectively.

Table 1 presents a characterisation of the radar values for each po-
larisation and satellite during the 2018-2019 time window. It is easly
seen that the range of values for VH polarisation is much smaller than
the range for VV polarisation. On the other hand, both satellite present
similar ranges.

Sat A Sat B Sat A+B
VH \'A" VH \'A" VH \'AY%

mean  95.81 216.82 88.09 219.49 91.95 218.16

std 24.93 66.60 24.05 67.88 24.80 67.26
min 28.33 62.11 25.11 58.78 25.11 58.78
25% 77.78 173.56 70.89 173.44 74.11 173.56
50% 94.78 207.89 86.78 209.89 90.67 208.89
75% 111.89 248.44 103.00  253.78 107.67  251.11
max  250.44 2009.33 24222 1988.78 250.44 2009.33

Table 1: Characterisation of the attributes over a one year period.

2.2 Algorithms

Several machine learning algorithms for regression were tested namely
Support Vector Machines (SVM), K Nearest-Neighbours (KNN), Ridge
and Lasso.

2.3 Experiments
A first set of experiments was done using the 2018-2019 data to study
the algorithms and the sets of features that generate the most performing
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models. SVM was tested with linear kernel and C = {0.1,1,10}, KNN
tested with K = {1,5,9}, Ridge with a = {0.1,1,10} and Lasso with
o ={1,0.01,0.0001} (the rest of the parameters were the default for all
algorithms). Models were built using VV and VH values, alone and to-
gether, for all available dates (60 attributes per polarisation), by monthly
averaging them (12 attributes per polarisation) and by using trimester val-
ues (15 attributes per polarisation) instead of the full year.

A second set of experiments, using the 2015-2016 data (using one and
both polarisations), was also experimented, aiming to check if the models
performed differently using radar information from different years.

2.4 Experimental Setup

For developing the models Python (v3.7.9) with scikit-learn (v0.23.2)
were used and a stratified train-test split generated with 75% for train-
ing (48752 samples) and 25% for testing (16250 samples). The models
were evaluated using the coefficient of determination, R%, a performance
measure that normally ranges between 0 and 1, with O corresponding to
a constant model that always predict the training test average value and 1
corresponding to a perfect prediction. Experiments were also performed
to check if the existence of outliers (namely, very high values of VV)
influenced the results; no influence was found.

3 Results

This section presents and discusses the results obtained with 2018-2019
and 2015-2016 time windows data sets.

3.1 2018-2019 data

First, a set of experiments, aiming to find the algorithm and parameters,
was performed using both polarisations and all dates (120 attributes) and a
5-folds cross-validation over the training set. Table 2 presents the results
over the test set for the best parameters found. As can be seen, KNN
performs best by a large margin.

Algorithm  Parameters R?

LinearSVM Cc=1 0.243
KNN K=5 0.883
Ridge a=1 0.331
Lasso a=0.01 0.331

Table 2: R results for the best performing parameters.

Then, a more thorough search over the KNN parameters was con-
ducted (also using a 5-folds cross-validation over the training set) with
K={1,3,5,7,9}, weights={uniform, distance} and Minkowski distance with
p ={1,2,3}. The parameters with best results were K =3, p =1 and
weights=distance.

Finally, using the fine-tuned parameters, the different sets of attributes
mentioned in subsection 2.3 were tested. Table 3 presents results using the
full year data (all dates and monthly average) and trimester data.

Pol all m. avg Oct-Dec  Jan-Mar Apr-Jun Jul-Sep
VH 0888 0.777 0.636 0.662 0.777 0.718
VV  0.884 0.716 0.606 0.571 0.714 0.657
both 0.886  0.860 0.839 0.848 0.867 0.854

Table 3: R results for full year and trimester dates.

Looking at the full year data one can conclude that, when using yearly
individual dates, the results obtained are very similar using one (60 at-
tributes) or both polarisations (120 attributes), with VH presenting the
best result with R? = 0.888. This is not true when using monthly values:
the best results, by a large margin, are obtained using information from
both polarisations (12 attributes for each polarisation), with a result of
R? = 0.860. Nonetheless, when comparing single polarisations, VH con-
tinues to carry more discriminant information than VV (R? = 0.777 vs.
R?* =0.716).

‘When comparing trimester data one can conclude that Apr-Jun trimester

data is the most informative one reaching a value of R? = 0.867 with both
polarisations (30 attributes). On the other end Oct-Dec trimester data is
the least informative. Also, when using trimester data, using both po-
larisations increase the performance substantially (more than 10%, with
higher increases for the least performing trimesters).
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3.2 2015-2016 data
As previously mentioned, this set of experiments aimed at checking if
the models performed differently using radar information from different
years; 2015-2016 time window was chosen to include the on-site EC read-
ings. Since Sentinel-1B was only launched in 2016, this data only con-
tains values from Sentinel-1A, but readings of the 3 available orbits were
collected. Parameter fine-tuning was also conducted over KNN algorithm,
with the best performance obtained with the the same parameters.

In order to compare the results between the two time windows, an
additional experiment with 2018-2019 data was conducted using only the
Sentinel-1A readings. Table 4 presents the results.

2015-2016 2018-2019
Pol Orb43 Orb50 Orb 145 Orb 147
VH  0.869 0.869 0.880 0.876
VvV  0.865 0.879 0.876 0.873
both  0.880 0.876 0.885 0.886

Table 4: 2015 data set scores for each orbit and polarisation combination.

As can be seen from the table, when using a full year radar infor-
mation, different orbits generate models with similar performances (with
higher values for orbit 145 possibly because it contains more dates); once
again VH polarisation outperforms VV and a minor improvement over
VH performance is observed when adding VV information. On the other
hand, it is easily seen that the results seem to be independent of the time
window of the collected radar data.

4 Conclusions and Future Work

This work presents a regression model to determine the soil eletro-con-
dutivity using radar information. The developed models reached a R?
performance of 88.8% using data from both satellites and a full year time
window (2018-2019 data). Nonetheless, similar performances were ob-
tained using information from just one satellite (88.6%). Moreover, VH
polarisation seems to carry out more descriptive information when com-
pared with VYV, obtaining a similar performance to using both polarisa-
tions (when using a full year time window). Also, when using trimester
data, Apr-Jun has the highest R? (86.7%) while Oct-Dez has the low-
est (83.9%). Finally, performance results seem to be independent of the
yearly radar data time-window.

As future work, we intend further investigate the use of radar data
aiming to produce better models (joining info from different orbits and/or
different years) and to build an application that, given a site’s set of radar
images, is able to generate the corresponding electro-conductivity map.

Funding

This work was supported by NIIAA (Niicleo de Investigacdo em Inteligén-
cia Artificial em Agricultura) project, Alentejo 2020 program (reference
ALT20-03-0247-FEDER-036981).

References

[1] Sajib Ahmed, Teresa Gongalves, Luis Rato, Pedro Salgueiro,
J. R. Marques da Silva, and Luis Paixdo Filipe Vieira. Classifying
soil type using radar satellite images. 2020.

[2] Yufeng Ge, J Alex Thomasson, and Ruixiu Sui. Remote sensing of

soil properties in precision agriculture: A review. Frontiers of Earth

Science, 5(3):229-238, 2011.

Robert Dwight Grisso, Marcus M Alley, David Lee Holshouser, and

Wade Everett Thomason. Precision farming tools. soil electrical con-

ductivity. -, 2005.

Paul Snoeij, Evert Attema, Malcolm Davidson, Berthyl Duesmann,

Nicolas Floury, Guido Levrini, Bjorn Rommen, and Betlem Rosich.

The sentinel-1 radar mission: Status and performance. In 2009 Inter-

national Radar Conference" Surveillance for a Safer World"(RADAR

2009), pages 1-6. IEEE, 2009.

Tulian-Florin Voicea, Mihai Matache, and Valentin Vladut. Re-

searches regarding the electro-conductivity determination on differ-

ent soil textures from romania, before sowing. Bulletin of University
of Agricultural Sciences and Veterinary Medicine Cluj-Napoca. Agri-

culture, 66(1), 2009.

(3]

(4]

(3]

52



	RECPAD 2021
	Contents
	Preface
	Preface
	Sponsors & Partners

	Sponsors & Partners
	Committees

	Committees
	Invited Speaker

	Invited Speaker
	Conference Program

	Conference Program
	Oral session
	Hybrid Deep Learning - Hidden Markov Model for Heart Sound Segmentation
	Using Knowledge Distillation to Interpret Credit Score Modeling
	xECG: Using Interpretability to Understand Deep ECG Biometrics
	MOSNet: A light-weight Moving Object Segmentation Network for Autonomous Driving

	Poster Session 1
	CT Radiomic Features for a Prostate Cancer Evaluation Framework
	Detection of EGFR-related patterns in lung cancer CT images: a holistic approach
	Machine learning approach for perfusion assessment of synthetic myocardial SPECT images
	Comparison of bladder segmentation techniques in CT scans
	Segmentation of optic disc and cup for glaucoma analysis using cup-to-disc ratio
	Detection of polyps in colonoscopy images
	Preliminary Study on the Impact of Attention Mechanisms for Medical Image Classification
	False-positives attenuation of automatically detected hotspots on bone scintigraphy images using image analysis techniques
	Analysis of classification tradeoff in deep learning for gastric cancer detection
	Improving spatial resolution of myocardial T1-mapping using a model-based super-resolution reconstruction
	Deep Convolutional Neural Network for gastric landmark detection
	Segmentation of US fetus images based on particle swarm optimization and k-means clustering
	Anonymising Case-based Explanations for Medical Image Analysis
	Automatic Lung Field Segmentation on Chest Radiography Images
	A semi-supervised approach for colorectal cancer diagnosis from H&E whole slide images

	Poster Session 2
	Pest detection: Can we beat the technicians?
	Evaluation of different depth cameras technologies in transparent and semitransparent scenes
	Order is the key: Deep focus assessment in Whole Slide Images
	Question Answering from Technical Portuguese Documents
	Sentinel 2 Image Scene Classification: A Comparison Between Bands and Spectral Indices
	caPAD - A context aware model for face presentation attack detection
	Predicting soil electro-condutivity using Sentinel-1 Images
	Complementary and case-based explanations for clinical decision support
	Real-Time Head Movement Analysis in Teleconsultation for Depression Disorder
	Face Detection and Alignment Using On-the-Wild Multispectral Images
	An Initial Approach to Self-Supervised Underwater Fish Detection
	Sketch-to-Photo Matching Enforcing Realistic Rendering Generation
	From Captions to Explanations: Towards In-Model Unsupervised Natural Language Explanations
	Estimation of Pose Accuracy Based on Relative Pose

	Poster Session 3
	An Exploratory Study on ECG Biometric Bias Using Compression Algorithms
	Evaluating the Performance of Zero-Shot Learning Methods using Low-Power Devices
	Evaluating GANs for Dataset Augmentation
	Real-time pulse rate variability for remote autonomic assessment.
	Organization of Information in Feed-Forward Neural Networks
	Adaptive body interface to control devices using KNX protocol
	Biometric identification and authentication based on electrocardiogram
	Low-Cost Pulse Oximetry and Infra-Red Temperature Device for COVID-19 Patients
	Improving Federated Learning Protection with Digital Envelopes
	Road Accident Predictions as a Classification Problem
	Contour Estimation and Delineation using Adaptive Periodic Cubic Splines
	Regressing Autonomous Guided Vehicle Localization from Non-Visual Sensor Data
	Ultrasound denoising using the pix2pix GAN
	Archaea Taxonomic Classification


	Author Index

