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Overview

* Soil salinization threats sustainable agriculture and food security (Shahid et al., 2018 ).

* According to FAO/UNESCO soil map of the world (1970-1980), 831 million hectares are affected by
salinization, with 397 million hectares as saline soils.

* 13 % of the Hungarian territory are salt-affected soils (Toth, 2009).

* Hydraulic properties of soil and groundwater level influence salt-affected soils genesis in Hungary
(Schofield et al., 2001).

e Salinization mapping: A challenging task due to its dynamic nature and fast-expansion.

* Development of adequate restoration plans to preserve soil quality and maintain agricultural
productivity.

* Objective: Predict soil salinity using optical and radar data coupled with Random Forest-based
models between 2000 and 2016.



Materials & Methods
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Study area & Field data

* Eighty-nine samples within soil’s upper layer (30 cm) in the Hungarian
Soil Monitoring System framework

* Conducted in dry season to detect salts’ spectral properties during their
accumulation (Szabd and Pirkd, 2017)

* Hungarian standard MSZ-08-0206/2-1978 to measure soil salinity from
saturated paste (MSZ 08-0206-2, 1978)

* Meadow chernozems and humic sandy soils domination in the landscape
with an expanse of agricultural land cover (Pasztor et al., 2018)

* Main river: Tisza
* Average elevation = 89 meters

* A moderately warm-dry climate: a mean yearly precipitation of 560 mm
and a mean yearly evaporation of 900 mm (Hungarian Meteorological
Service, 2021)

Service Layer Credits: Esri, HERE, Garmin, (c) OpenStreetMap contributors, and the GIS user commui n(y
e: Esri, DigitalGlobe, GeoEye, Earthstar Geographics, CNES/A rbus DS, USDA, USGS, AeroGRID, IGN, and the GIS User Communif

Figure 1: Sampling sites location



Remotely sensed data

* Nine Landsat images acquired in 2000, 2008 and 2016 between May and September
e Two ERS-1/2 Medium Resolution Image and one Sentinel-1 SAR Ground Range Detected

(GRD) products
@ Studio
ArcGIS
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Optical data processing

Radiometric Atmospheric
Data Acquisition Correction

' - PCA
Calibration (FLAASH)

Spectral Indices

Figure 2: PCA visualization in RGB color composite using stacked Landsat images, (a) PCA 2000, (b) PCA 2008, (c) PCA 2016



albedo

albedo = ((0.356* B) + (0.130 * R) + (0.373 *NIR) +
(0.085* SWIR1) + (0.072* SWIR2) — 0.0018) /1.016
(Silva et al., 2016)
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Normalized Difference

Vegetation Index

NDVI = (NIR = R) / (NIR + R)
(Rouse et al., 1974)
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Soil Salinity and Sodicity Index

SSSI = SWIR1 - SWIR:2
(Bannari et al., 2008)
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Radar data processing

Range
Apply orbit Radiometric Speckle Doppler Conversion

SAR
Coregistration features

file Calibration filtering terrain to dB scale )
extraction

correction

Figure 3: Workflow of radar data processing for ERS-1/2 and Sentinel-1 SAR sensors

Figure 4: Radar data visualization, (a) VV 2000, (b) VV 2008, (c) VV 2016, (d) RGB 2016
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Random Forest

A supervised learning
& algorithm that
tm uses ensemble
learning method for
regression.

Able to work with missing
data, obtain non-linear
Q relationships between
independent and dependent
features.

Ensemble learning:
Combination of predictions
from multiple machine
learning algorithms to make
a more accurate prediction
than a single model.

Slow to create predictions,
unable to extrapolate
outside of unseen data, a
predictive not descriptive
tool.

Test Sample Input

Tree 600

| Prediction 1 | [ Prediction 2| (...) [ Prediction 600 |

Average All Predictions

-

Random Forest
Prediction

Figure 5: Basic concept of Random Forest

Source:_https://levelup.gitconnected.com/random-forest-regression-209c0f354c84
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Train features using RF

l

M - Determine the importance
Random Forest application T e
N
v
* |dentify dependent (y) and independent variables (x) Removet?eealteuarsets'mportant
* Split the dataset into training set and test set (80% and l
20%) No Calculate the accuracy of
* Training Random Forest regression model on dataset, feature subset
hyperparameters calibration (n_estimators = number of l
trees, m_try = number of variables randomly sampled as Feature subset is
candidates at each split), and features selection using empty or not?
recursive feature elimination (RFE) algorithm. l y
es
* Application of calibrated model on test set The rank of
features

e Performance assessment using RMSE and correlation

coefficient (r) Figure 6: Recursive Feature Elimination (RFE) for

variables selection (Qi et al., 2018)

GLOBAL SYMPOSIUM ON SALT-AFFECTED SOILS | 20 - 22 October, 2021
13



Results
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Descriptive analysis

Histogram with Normal Curve (2000)

Histogram with Normal Curve (2008)
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Histogram with Normal Curve (2016)
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Figure 7: Field data distribution and normalization using square root transformation
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Figure 9: Features selection using RFE, (a) RF-2000, (b) RF-2008, (c) RF-2016
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Performance assessment

RF RMSE Training RMSE Test Correlation Coefficient (r)
RF-2000 0.28 0.49 0.73
RF-2008 0.19 0.49 0.8
RF-2016 0.14 0.16 0.81

Table 1: Performance of RF-based models using two statistical metrics
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Figure 10: Relationship between measured and estimated normalized salt content values (g/kg), (a) RF-2000, (b) RF-2008, (c) RF-2016
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Conclusion

 Random Forest efficiency for soil salinity prediction over time

* An overall significant correlation coefficient (r) of 0.73, 0.8, and 0.81, respectively, for
2000, 2008, and 2016, with an outperformance of 2016-RF model that yielded the
lowest RMSE values for training and test sets (0.14 g/kg and 0.16 g/kg)

 Remote sensing tools potential as valuable alternatives in assisting policy-makers to
monitor and mitigate salt-affected soils expansion when coupled with robust predictive
algorithms

* Dataset size, low variance of samples, spectral noise and atmospheric effect on
spectral information retrieved from optical sensors

 The effect of other soil parameters, climatic conditions and groundwater level on
salinity variation
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Spectral Indices

Index

Formula

albedo

((0.356*B) + (0.130*R) + (0.373*NIR) + (0.085*SWIR,) + (0.072*SWIR,) — 0.0018) /1.016 (Silva et al., 2016)

Differential Vegetation Index DVI

NIR — R (Basso et al., 2000)

Green Normalized Difference Vegetation
Index GNDVI

(NIR-G) /(G + NIR) (Wu et al., 2014)

Intensity Index Int;

(G + R)/2 (Bouaziz et al., 2011)

Intensity Index Int,

(G+ R+ NIR)/2 (Bouaziz et al., 2011)

Normalized Difference Moisture Index NDMI

(NIR — SWIR,)/(NIR + SWIR;) (Wilson & Sader, 2002)

Normalized Difference Salinity Index NDSI

(R=NIR) /(R + NIR) (Khan et al., 2005)

Salinity Index 1 SI;

VG * R (Douaoui et al., 2005)

Salinity Index 2 SI,

VNIR * R [14]

Salinity Index 3 Sl

VG2 + R2 + NIR? (Dehni & Lounis, 2012)

Salinity Index 4 Sl,

VR? + G? (Yahiaoui etal.,2015)

Normalized Difference Vegetation Index NDVI

(NIR-R)/ (NIR + R) (Rouse et al., 1974)

Soil Adjusted Vegetation Index SAVI

((NIR=R)/(NIR+R+1L)) (1+L)(Huete, 1988)

Enhanced Vegetation Index EVI

2.5% (NIR-R) / (NIR+ C,*R - C,*B + L) (Huete et al., 2002 )

Brightness Index Bl

VR? + NIR? (Khan et al., 2005)

Bare Soil Index BSI

(G +NIR) / (G - NIR) (Li et al., 2013)

Normalized Pigment Chlorophyll Ratio Index
NPCRI

(R-B)/ (R + B) (Merzlyak et al., 1999)

Soil Salinity and Sodicity Index 1 SSSI,

SWIR; - SWIR, (Bannari et al., 2008)

Soil Salinity and Sodicity Index 2 SSSI,

(SWIR,*SWIR,— SWIR,*SWIR,)/ SWIR, (Bannari et al., 2008)

Normalized Difference Water Index NDWI

(G — NIR)/(G + NIR) (Sykas,2020)

Normalized Difference Salinity Index VSSI

2*G -5 (R + NIR) (Dehni & Lounis, 2012)
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RF-2000

bsi3
ndmi3
intl2
sil2
intl3
si42
b3
gdvi2
npcri3
b8
dvi2
ndwi2
ndwi3
gdvi3

Selected features

RF-2008

b10, npcri2, ndmi2, sssil2

gdvi3, bsi2, gdvil, ndwil, ndwi3,
b3, savil, b5, int12, dvil, b9, evil,
bsil, b2, gdvi2, ndwi2, ndsil,
sssi2l

ndmil, int11, sill, albedo3, sil2,
dvi3, si4l, b7, int21, ndsi2, bl
savi2, albedol, si23, ndvi3,
albedo2, int22, evi2, ndsi3, si42,
int13, ndvi2, ndmi3, dvi2, si33,
sil3, si32, si22

npcri3, bil, savi3, si31

bi2, vssi2, vssil, ndvil, si43, bsi3
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RF-2016

b10, sssi23, albedol

si21, int21, sssil3

b6, vwl6db, int13, vssil, si43,
sssi21, sssill, si3l

bil, si13, ndwi3, gdvi3, b1, ndmi2,
bsi2, savi2, ndsi3, ndvi2, ndvil,
dvi3, bsi3, npcril, evil, evi3,
ndsi2, ndwil, savil, si23, si33,
ndsil, b2, b3, dvil, npcri2, ndmil,
bsil, si42, savi3, bi2, b4, bi3,
ndmi3, vssi3

npcri3, gdvi2, dvi2, int22, si22
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### RF Tuning

T {r) =
# ensure the results are repeatable

set.seed(1787)

# load the library

library(mlbench)

library(caret)

# define the control using a random forest selection function
control <- rfeControl(functions=rfFuncs, method="cv", number=18)
# run the RFE algorithm

results <- rfe(train@@[,1:73], traine@[,74], sizes=c(1:73),
rfeControl=control)

# summarize the results

print(results)

# list the chosen features

RFE & RF Application Folot the renats

plot(results, type=c(“g", "o"))

# RFoe

T r} .
# Build the initial RF

library(randomForest)

set.seed(4543)

rf@@ <- randomForest( v@ -~
bsi3+ndmi3+int12+si12+int13+sid42+b3+gdvi2+npcri3+b8+dvi2+ndwi2+n
dwi3+gdvi3, data=train@®, ntree=50, mtry =2,keep.forest=TRUE,

importance = TRUE, na.action = na.omit, keepForest = FALSE,
validation = "CV")

print(rfee)

plot(rfae)

imp <- importance(rf2e@)
varImpPlot (rf8@, cex = @.8)
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