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Abstract

Accurate information of soil salinity levels enables for remediation actions in long-term operating irrigation systems with
malfunctioning drainage and shallow groundwater (GW), as they are widespread throughout the Aral Sea Basin (ASB).
Multi-temporal Landsat 5 data combined with GW levels and potentials, elevation and relative topographic position, and
soil (clay content) parameters, were used for modelling bulk electromagnetic induction (EMI) at the end of the irrigation
season. Random forest (RF) regressionwas applied to predict in situ observations of 2008—2011 which originated from a
cotton research station in Uzbekistan. Validation, i.e. median statistics from 100 RF runs with a holdout of each 20% of
the samples, revealed that mono-temporal (R%: 0.1-0.18, RMSE: 16.7-24.9 mSm™!) underperformed multi-temporal RS
data (R% 0.29-0.45; RMSE: 15.1-20.9 mSm™'). Combinations of multi-temporal RS data with environmental parameters
achieved highest accuracies (R 0.36-0.50, RMSE: 13.2-19.9 mSm™"). Beside RS data recorded at the initial peaks of the
major irrigation phases, terrain and GW parameters turned out to be important variables for the model. RF preferred neither
raw data nor spectral indices known to be suitable for detecting soil salinity. Unexplained variance components result from
missing environmental variables, but also from processes not considered in the data. A calibration of the EMI for electrical
conductivity and the standard soil salinity classification returned an overall accuracy of 76-83% for the period 2008-2011.
The presented indirect approach together with the in situ calibration of the EMI data can support an accuratemapping of soil
salinity at the end of the season, at least in the type of irrigation systems found in the ASB.

Keywords Soil salinity - Electromagnetic induction - Irrigated agriculture - Multi-temporal - Environmental parameters -
Landsat

Zusammenfassung

Modellierung der Bodensalinitit am Ende einer Bewdsserungssaison durch multi-temporale optische Fernerkundungsdaten,
Umweltvariablen und in situ Informationen. Genaue Informationen iiber den Salzgehalt des Bodens ermoglichen Sanierungs-
maBnahmen in etablierten Bewidsserungssystemen mit mangelhafter Entwisserung und flachem Grundwasser (GW), wie sie
etwa im gesamten Aralseebecken (ASB) verbreitet sind. Landsat-5-Daten aus mehreren Zeitriumen wurden mit GW-Werten
und -Potentialen, Hohe und relativer topographischer Position sowie Bodeninformation (Tongehalt) kombiniert, um die
elektromagnetische Induktion (EMI) am Ende der Bewisserungssaison zu modellieren. Random Forest (RF) Regression
wurde angewendet, um in situ Beobachtungen von 2008 — 2011 vorherzusagen, die von einer Baumwollforschungsstation in
Usbekistan stammen. Die Medianstatistik der Validierung von 100 RF-Laufen mit einem Holdout von jeweils 20% der Proben
zeigte, dass mono-temporale (R2: 0,1 -0,18; RMSE: 16,7 mSm™~" — 24,9 mSm_l) multi-temporalen Fernerkundungsdaten
unterlegen waren (RZ: 0,29 — 0,45; RMSE: 15,1 mSm~' — 20,9 mSm'l). Optimale Ergebnisse wurden aber durch Kombi-
nationen von multi-temporalen Fernerkundungsdaten und Umweltvariablen erzielt (RZ: 0,36 — 0,50, RMSE: 13,2 mSm™!
— 19,9 mSm™'). Neben den Fernerkundungsdaten, die zu Beginn der Hauptbewisserungsphasen aufgezeichnet wurden,
erwiesen sich die Geldnde- und GW-Parameter als wichtige Variablen fiir das Modell. RF bevorzugte weder Rohdaten noch
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Spektralindizes, die vorwiegend zum Nachweis der Salzgehalte im Boden geeignet sind. Unerklérte Varianzanteile resultieren
aus fehlenden Umweltvariablen, aber auch aus in den Daten nicht beriicksichtigten Prozessen. Eine Kalibrierung der EMI
auf die elektrische Leitfahigkeit und die Klassifizierung nach Standard-Bodensalzgehalt ergab eine Gesamtgenauigkeit von
76% bis 83% fiir den Zeitraum 2008 — 2011. Der vorgestellte indirekte Ansatz zusammen mit der in situ Kalibrierung der
EMI-Daten kann eine genaue Kartierung des Bodensalzgehaltes am Ende der Saison unterstiitzen, zumindest in der Art von

Bewisserungssystemen, wie sie im ASB vorkommen.

1 Introduction

Soil salinity in irrigated crop production systems is highly
dynamic in space and time. Irrigation and leaching events
cause lateral inflow, but also downward movements and lateral
outflow of salt through the drainage system. In turn, capillary
rise returns the salt from the filtration/ground water up to the
soil layer (Hillel 2000). Reduced vegetation growth and crop
failure are the consequence. In irrigation systems without
functioning drainage and with shallow groundwater (GW) lev-
els and that operate over a certain time span, this usually leads
to permanent salinization of the soil layer (Abrol et al. 1988).
This constellation of poor drainage of salts occurs worldwide
and threatens in particular the irrigated crop production sys-
tems of the Aral Sea Basin (ASB, Qadir et al. 2009).

Numerical modelling of the prescribed water and salt
movements may be an option to quantify soil salinization
accurately. At the same time, this method is data and compu-
tation intensive as well as challenging for assessments over
extensive areas (Bastiaanssen et al. 2007). Another option to
quantify soil salinity is the use of remote sensing (RS) tech-
niques. For instance, spectra of salt minerals exhibit distinc-
tive absorption features and hyperspectral methods suit for
predicting the concentration of many salt types in soil samples
under laboratory conditions (Farifteh et al. 2008). Also map-
ping of different salinity levels in the top soil layer becomes
possible when using field spectra or hyperspectral RS data
and statistical methods (Farifteh et al. 2007). However, the
authors state that dynamic factors such as vegetation cover or
soil moisture certainly influences the explanatory power of
such so-called direct assessments of soil salinity through RS.
These dynamics are particularly high in agricultural areas.

Alternatively, in many salinity affected irrigated regions
reduced crop growth indirectly indicates salinity in soils
(e.g. Metternicht and Zinck 2003; Abbas and Khan 2007,
Farifteh et al. 2007; Lobell et al. 2007), crop growth status
has been investigated to map soil salinity through mainly
multispectral RS data with statistical models (Allbed and
Kumar 2013).

A variety of spectral indices that can measure greenness
and density of vegetation with or without compensation for
differences in soil properties or that target directly on salinity
were tested (e.g. Abbas and Khan 2007; Eldeiry and Garcia
2008; Azabdaftari and Sunar 2016). Interestingly, the usage
of water-related indices that include the shortwave infrared
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information such as the normalized difference infrared index
(NDII) is rare, even though water stress and wilting are con-
sequences of increased soil salinity (Brower et al. 1985).

Numerous univariate and multivariate regression models
were applied for indirect quantification of soil salinity with
RS data, but in many cases with moderate success only (All-
bed and Kumar 2013). For instance, Azabdaftari and Sunar
(2016) report high coefficient of determination (R*=0.78)
when using the salinity index, but admit that without remov-
ing some samples from the data set R* dropped to 0.37. Rea-
soning for the selection was not given and the analysis was
done without separation of extra data for validation. It may
be worthwhile to investigate the effect of non-linear methods
such as partial least square regression or artificial neural net-
works which achieved striking explanatory power in direct
soil salinity assessments (Farifteh et al. 2007). In addition,
not all crops have the same salt tolerance, and reduced veg-
etation growth in irrigation systems can also be driven by
water scarcity and drought, low nutrient content of the soils,
and other yield reducing factors (Ittersum et al. 2013). To
disentangle potential factors of limited crop growth chal-
lenges indirect assessments of soil salinity with remote sens-
ing (Allbed and Kumar 2013).

The use of environmental parameters that are well-
known drivers of soil salinization, also in combination with
RS data, is another possibility for analysing saline soils
(Akramkhanov et al. 2011; Akramkhanov and Vlek 2012;
Asfaw et al. 2018) or for predicting the risk of soil saliniza-
tion (Huang et al. 2016). GW table for instance is used as
indication for critical levels for capillary rise. Topography
can point at locations, which are close to the GW table and
hence more likely effected by capillary rise than other areas.
In such studies, RS data served as summary indicator (e.g.
Akramkhanov and Vlek 2012) but to a limited extend only,
e.g. a reduced number of bands.

Another potential shortcoming of previous indirect salin-
ity assessments (Metternicht and Zinck 2003), irrespectively
if with or without environmental parameters or if with multi-
spectral (e.g. Azabdaftari and Sunar 2016) or hyperspectral
data (e.g. Dehaan and Taylor 2002), is the consideration of
single dates and single seasons (Lobell et al. 2007). Even
though Lobell et al. (2007) could not establish a statistical
link of multi-annually modelled crop yield to soil salinity
(due to other yield reducing factors), this study applies a
multi-temporal approach. The goal of this study is to utilize
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multi-temporal RS data (raw bands and spectral indices) and
non-linear random forest for assessing soil salinity levels at
the end of cropping season. At that time, vertical processes
are reduced after the irrigation events cease and the salin-
ity build-up in the soils become more discernible (Akram-
khanov et al. 2014). It is hypothesized that environmental
parameters, which indicate soil salinity such as soil texture
(clay content), terrain (elevation and topographic position),
and GW information (levels and potentials), can optimize
such assessments through their ability to discriminate soil
salinity from other drivers of reduced crop growth condi-
tions. Experiments were conducted in the Khorezm region
of Uzbekistan, a well-known salinity-exposed province in
the ASB (Ibrakhimov et al. 2007).

2 Materials and Methods
2.1 Study Area

The Khorezm province is located between 41°N—42°N and
60°E-61°E, ~200 km from the Aral Sea (Fig. 1). The cli-
mate of the region is continental, characterized by annual
average potential evapotranspiration of 1400 mm that
exceeds precipitation of 92 mm by far (Conrad et al. 2012).
Agriculture heavily relies on irrigation water coming from
the Amu Darya River. Upland cotton (Gossypium hirsutum)
and winter wheat (Triticum aestivum) are the area-domi-
nant crops (Conrad et al. 2016a). Cotton is usually grown
from April through September/October. The peak irrigation
period is June—August. Irrigation of winter wheat starts in
November and ends in May. Leaching period is in winter.

Fig.1 Upper part: location of

The majority of cropped areas are irrigated through furrows
and basins. Water is supplied through a mainly unlined irri-
gation network. The irrigation of these water-intensive crops
and seepage from the canal networks are the primary causes
of the groundwater (GW) rise and subsequent soil moisture
contribution (Jabbarov 1990). Silty loam, loam, and sandy
loam dominate the soil texture in the region occupying 55%,
13%, 12%, respectively, according to the USDA classifica-
tion (Akramkhanov et al. 2012).

Detailed fieldworks were conducted at the Cotton
Research Station (CRS) of the Pakhtakor Water Consum-
ers Association (Fig. 1). The total irrigated area of CRS
amounts to 145 ha. According to Akramkhanov et al. (2014),
the salinity levels in CRS are mainly low to moderate indi-
cated by electrical conductivity (EC) levels in the range of
0.6-10.9 dSm™".

2.2 Remote Sensing Data and Calculation of Indices

Landsat 5 TM surface reflectance data (Path 160/Row 31)
were obtained from the USGS archive (http://earthexplo
rer.usgs.gov). The selected Level-2 data are atmospheri-
cally corrected through the Landsat Ecosystem Distur-
bance Adaptive Processing System (LEDAPS, Masek et al.
2013). Cloud-free observations of the vegetation seasons
(April-November) 2008-2011 included 23 data sets. After
some tests, in total 14 data sets with a clear vegetation
signal (end of May—October) were selected for modelling
(Table 1). Data from the initial vegetation period, where
soils dominate the RS signal, were omitted.

Because crops experience stress under saline soil con-
ditions (Allbed and Kumar 2013), normalized difference
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vegetation index (NDVI) and soil-adjusted vegetation
index (SAVI) showing the density and greenness of veg-
etation were calculated and added to the six raw bands of
Landsat 5, which range from the visible to the short-wave
infrared spectrum. Two indicators for water stress, i.e.
normalized difference infrared index (NDII) and NDII2,
supplemented the data sets. The names of these indices
vary in literature, e.g. the NDII is also known as Land
Surface Water Index (LSWI, e.g. Xiao et al. 2005). The
NDII2 refers to LSWI,,y5 (Xiao et al. 2005) or NDII7
when applied to MODIS band 7 (AghaKouchak and Farah-
mand 2015) and is better known as normalized burn ratio
(Keeley 2009). However, all indices depend on the sensor
specification, i.e. the wavelength range and sensitivity for
the selected band. Table 2 contains equations and refer-
ences for the selected indices.

2.3 Soil Salinity Measurements

Electromagnetic induction meters are widely used for in situ
salinity measurements in irrigation systems, as it is more
efficient to cover large areas than single samples together
with laboratory analysis of EC (Hendrickx et al. 1992).
However, EMI can only be seen as a proxy of soil salinity
(e.g. Huang et al. 2016). Akramkhanov and Vlek (2012)
give examples for the statistical relation of EMI and EC
under different soil texture conditions. For the study area, a

Table 1 Acquisition dates of Landsat 5 images and corresponding
electromagnetic induction (EMI) surveys during the vegetation period
of 2008-2011 in the Cotton Research Station (CRS) area

2008 2009 2010 2011
Landsat 5 4 July 6 July 9 July 25 May
20 July 22 July 10 August 12 July
22 Septem- 8 September 11 Septem-
ber ber
8 October 10 October 27 Septem-
ber
EMI meas- 2-3 October 15 October 25 October 15 October
urement
period

combined set of 142 sample pairs of EMI and EC taken at
different time periods was thought to provide relationship
that is close to real-world situation, even though coefficient
of determination (R?) of 0.44 between log-transformed EMI
measurements and EC was rather low (Akramkhanov et al.
2014).

Field data collection occurred in 20082011, in the end of
the season each. Soil salinity was sampled using the EM-38
(Geonics Limited, Canada). The measurements originate
from ten fields with average size of ca. 7 ha each. The EMI
measurements were conducted in vertical dipole mode,
sensing depth up to 1.5 m with the highest sensitivity depth
at 0.4 m. The EMI device was coupled with GPS (average
accuracy 3-5 m). Figure 2 shows the measurement transects
2008-2011 and the crop distribution. Most of the fields were
cultivated with cotton and some with maize. Wheat occurred
in rotation with other summer crops (mainly maize). Details
of the sampling campaigns and the resulting data are avail-
able in Akramkhanov et al. (2014). The mean EMI in survey
data, aggregated within 30 m pixels of Landsat, ranged from
44-53 mSm™' to 51-74 mSm™".

2.4 Environmental Parameters
2.4.1 Elevation and Topographic Position

Elevation measurements were taken at 65 locations evenly
distributed in the CRS (Fig. 1). Elevation in the CRS
ranged between 99.5 to 100.5 m above sea level (mean
99.88 m+0.27 m). The elevation map (Fig. 3) was obtained
by interpolation between data points using inverse distance
weighted (IDW) technique (Shepard 1968). Local topography
of farmland surface declines slightly from east to west and to
southern west.

To consider the variations in the generally flat terrain,
the topographic position index (TPI) was applied (Fig. 3).
It measures the relative topographic position, i.e. it returns
terrain properties in relation to the neighbourhood and indi-
cates if a certain point is located in depression, on slopes, on
hills, or in flat area. TPI is the difference between elevation
at the central point (z,) and at points (z;) within a predeter-
mined radius (R) around the central point (Majka et al. 2007)

Table 2 Remote sensing indices used for estimation of soil salinity, red, nir, swirl, and swir2 refers to wavelength ranges of Landsat 5 TM bands
3 (0.63-0.69 pm),4 (0.76-0.90 pm),5 (155-1.75 pm), and 7 (2.08-2.35 pm), respectively

Spectral Index Equation Reference

Normalized Difference Vegetation Index (NDVI) NDV] = hirred Rouse et al. (1974)
nir+red

Soil Adjusted Vegetation Index(SAVT) SAVI = WL;*‘OS‘;) Huete (1988)
nir+red+0..

Normalized Difference Infrared Index (NDII) NDI[ = (pir=swirh) Xiao et al. (2005)

Normalized Difference Infrared Index 2 (NDVII2)

(nir+swirl)

NDII2 = (nir—swir2)

(nir+swir2)
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Fig.2 Location of electromagnetic induction (EMI) samples in the Cotton Research Station, Khorezm, 2008-2011
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Fig. 3 Elevation (left part) and topographical position index (TPI, right part) of the study region

and was computed based on the IDW output according to
Eq. (1).

0
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—
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2.4.2 Groundwater Levels and Potential

In Khorezm, intensive irrigation events cause rapidly ris-
ing groundwater (GW) tables that accelerate accumulation
of salts in soil root zone. Ibrakhimov et al. (2007) referred
to Russian sources and stated that salinization takes place
when GW with salinity over 3 g 17! rises above 2.0 m below

the ground surface and assumed 1.5 m as benchmark for
less saline GW. Data on GW table were obtained from 21
monitoring wells with automatic recording devices. How-
ever, because official GW monitoring in Uzbekistan is con-
ducted at the peak of the vegetation period, only groundwa-
ter levels of early August were included. The GW table data
from monitoring wells (GWT) were interpolated using IDW
method and subtracted from the topographic map to obtain
the spatial distribution of the GW potential energy (GWP).
Figure 4 shows the spatial distribution of GWT and GWP
and their variations in 2008-2011. Despite measured during
the peak of irrigation, GWT in the CRS only seldom and in
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some places reached critical levels described by Ibrakhimov
et al. (2007).

2.4.3 Soil Texture (Clay Content)

Soil texture, especially the clay content, influences soil salin-
ity (Huang et al. 2016). Thus, physical clay content was
selected as indicator for soil salinity in this study and local
maps of soil texture provided by the GIS-laboratory at the
NGO KRASS in Urgench, Khorezm were translated into
that parameter. The spatial distribution of the soil texture is
shown in Fig. 1, whilst tabular information is summarized
in Table 3. The texture classes in the region include “heavy

loam” (clay content >60%), “heavy and medium loam”
(45-60%), “heavy and sandy loam” (35-45%), “medium
loam” (30-45%), and “light loam” (< 30%). The physical
clay content refers to the former Soviet classification system,
which classifies particle size below 0.001 mm as clay (Stol-
bovoi 2000). Only the information from 30 to 100 cm was
utilized (Table 3). The data were entered as ordinal variable
(classes 1-4) into the model indicating the different levels
of clay content in descending order.

Fig.4 Groundwater tables
(GWT, left part), and ground-
water potential (GWP, right
part) at the cotton research
station in Khorezm, Uzbekistan,
as measured and interpolated in
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Table 3 Typical combinations of soil texture at different layer depths
occurring in the study region

Class Soil texture

0-30 cm 30-100 cm 100-200 cm
1 Heavy loam  Heavy and medium Medium loam
loam
2 Heavy loam  Heavy loam and sandy Sandy loam
loam
3 Medium loam Medium loam Medium loam

Medium loam Medium and light
loam

Light and sandy loam

5 Unused land

2.5 Random Forest Regression

For modelling soil salinity, random forests (RF) regression
as introduced by Breiman (2001) was applied using the ran-
domPForest package in R (http://R-project.org). An RF is an
ensemble of classification and regression trees (CART).
Each CART is built from a sample drawn with replacement
(bootstrap) from the training set. CART splits each node
using the best among a subset of predictors randomly chosen
at that node, i.e. the optimally separating pair of predictor
and threshold. As splitting criterion, a threshold value S is
chosen such that the term in Eq. (2) is minimized.

z (yi_)_’)2+ Z ()’i_)_’)z’ )

yilx<S yilxi>S

where y refers to the dependent variable and x to the predic-
tor. y denotes the mean of all elements y; and the threshold
value S can take any value of the predictor variable x.

As a result of the randomness of predictor and sample
selection, the bias of the ensemble usually slightly increases
but, due to averaging, its variance decreases, usually more
than compensating for the increase in bias, hence yielding an
overall better model (Breiman 2001). The decision to set the
number of CARTs in RF to 500 followed a recommendation
by Gislason et al. (2006).

The input covariates as explanatory variables included raw
bands (1-6) of Landsat 5 images (Table 1) as well as the
vegetation and water indices described in Table 2. Additional
RF runs were conducted using four environmental covariates:
topography referred to as TPI, groundwater table (GWI), and
groundwater potential (GWP), and physical clay content (soil
texture). Altogether, four sets of models with different com-
bination of input data were constructed based on (a) single
image (si), where the maximum NDVI period was selected as
input (~July), (b) multiple images (mi) within developing and
mid-stages of crop development (four scenes each year), and
single images in combination with environmental parameters
(env), e.g. (c) si+env, and (d) mi+env.

2.6 Variable Importance

For each RF, the importance of each variable was assessed
through the so-called “%IncMSE” procedure (Breiman
2001). This procedure tests the importance of each variable
by randomly permuting the variable values before running
the model. If a variable is important, this permutation nega-
tively influences prediction and the model results hence in a
higher mean square error (MSE).

2.7 Validation

Repeated sub-sampling technique served for validation, i.e.,
for each model with and without environmental indicators,
100 iterations were applied. Every run excluded a random
subset of 20% of samples (holdout) to assess the accuracy
and the stability of the model. To estimate the accuracy of
each model, both the coefficient of determination (RZ, Eq. 3)
and the root mean square error (RMSE, Eq. 4) were applied
to compare observed and modelled soil salinity of these ran-
dom subsets:

Z?:l (yi _571‘)2
X (i _y)z

R*=1- 3)

n ~\2
RMSE — Zﬁlbr-n)’ (4)
n

where y is the mean of the observed data, and y; and §, refer
to the modelled and observed parameters, respectively. R? is
a measure of the explained variation, indicating how close
the predicted values deviate from the measurements. The
RMSE is the square root of the variance of the residuals,
pointing to the overall fit of the regression model.

3 Results
3.1 Validation

The random forest (RF)-based regression analysis received
(for the 20% of independent data) coefficients of determi-
nation (R?) between > 0-0.75. The boxplots (Fig. 5) show
below (above) the black bold line the 25-50% (50-75%) per-
centile of R?> which returned from the 100 RF runs. Median
R? (bold line) of single data sets without environmental
information (si) was lower than that of multiple data sets
(mi). The use of environmental parameters increased the
accuracy of the model in all cases (si+ env, mi+env), in
particular in 2011, where only few data sets were available
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Fig.5 Coefficients of determination (R?) of the regression analysis of
soil salinity against mono- and multi-temporal remote sensing indi-
ces with and without environmental parameters using random forest

during the irrigation phase in July and August. In 2009, low-
est accuracy levels were recorded.

RMSE median ranged from 14 to 25 mSm™! (Fig. 6).
Summary statistics of RMSE extracted from 100 RFs show
similar tendency to R? but also slight variations. Despite
a reduced model fit (R?) in 2011, low median RMSE
(<18 mSm™!) indicate more accurate predictions in con-
trast to 2010, when the RMSE median exceeded 20 mSm™".
Modifications of RF settings (number of trees grown, or
changes in the number of random feature selection) altered
the results only negligibly.

3.2 Driving Factors (Variable Importance Analysis)

Variable importance of the individual factors in the over-
all relationship of RS data and environmental parameters
(mi+env) with soil salinity (EMI) was averaged over the
100 RFs (Fig. 7). Environmental parameters (GWP, GWT,
and TPI) contributed remarkably, whereas soil texture, i.e.
physical clay content, could not increase model performance
in most cases. In 2009 and 2011, groundwater information
(GWT and GWP) played a major role and all other factors
showed reduced importance. The spectral information (RS
data) does not show a clear pattern in its variable impor-
tance. Only spectral bands or indices of early-mid July
appeared among the most important predictors, in particular
in 2008 and 2010.

@ Springer
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3.3 Spatial Distribution of Soil Salinity (EMI)

Maps of soil salinity expressed by EMI data were produced
for the four observation years by utilizing the annual RF
models (Fig. 8). In 2010, the lowest soil salinity was pre-
dicted throughout the CRS. Comparatively high values were
observed in 2009 and 2011. Visual observation confirms
that the soil salinity patterns in the CRS resemble each year
however with some variation. Hotspots of salinity occur in
the most western and eastern parts of the study area (fields
28 and 27). Dynamic developments occurred on fields
12 and 13, and field 20 exhibits increasing trends of EMI
2008-2011.

4 Discussion
4.1 Validation

The validation based on repeated sub-sampling indicates
moderate prediction performance of the random forest (RF)
model approach based on RS data. Other authors reported
higher performance of the indirect prediction method via
RS vegetation parameters. For instance, Asfaw et al. (2018)
and Azabdaftari and Sunar (2016) observed ~0.8 R” between
spectral information (raw bands, indices, no environmental
parameters) and soil salinity. However, their assessments
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Fig.6 Root mean square error (RMSE) of the regression analysis of
soil salinity against mono- and multi-temporal remote sensing indi-
ces with and without environmental parameters using random forest

were based on training samples only rather than on inde-
pendent data. For instance, in this study, accuracy assess-
ments based on training samples only exceeded an R? of 0.95
(not shown in detail). Such assessments are less meaning-
ful as they measure the relation of the parameters with soil
salinity at the selected points but do not assess the validity of
the model for prediction. For instance, Akramkhanov et al.
(2011) analysed the relationship between numerous environ-
mental parameters and soil salinity (bulk salinity measured
through the EM-38 device) and found an R? of 0.48 based
on the entire data set (not independent reference data). They
included—in comparison to the study at hand—a large set
of terrain and soil parameters for prediction, among oth-
ers soil texture as well as one RS data set (Landsat 7) and
applied stepwise regression. On the contrary, independent
samples returned increased accuracy levels on (R>=083)
when applying an extended set of environmental parame-
ters and one RS data set in a neural network (Akramkhanov
and Vlek 2012). However, the number of samples available
exceeded that of this study by a factor of five, which may
have increased confidence of prediction. In general, absolute
comparisons of the results achieved here remain difficult as
long as methods, data sets, temporal and spatial scales of
analyses in other studies differ.

The validation procedure underlined that multi-temporal
data outperform mono-temporal data in modelling soil salin-
ity. The variable importance analysis (except for 2009) sug-
gests the consideration of RS data at the initial peak of the

(RF); si single image, mi multiple images, env environmental param-
eters; the boxplots indicate the variability of the 100 RF runs applied
to each set of variables

irrigation period in July (Tischbein et al. 2013). In addition,
the low model performance in 2011, when only few satellite
data sets were available in the main irrigation phases, sug-
gests (1) that the data of the early season (crop emergence)
do only minor contribute and (2) that the selected environ-
mental parameters alone could not predict soil salinity alone.

4.2 Limitations of the Approach

High inter-annual variation of RS data availability chal-
lenges rigorous comparisons among the annual models.
For instance, it remains under discussion if the outstanding
model performance in terms of RMSE and R? obtained for
2008 and 2011 can be attributed to water scarcity in the
Amu Darya catchment (Conrad et al. 2016b) or not. One
explanation could be low groundwater levels in those water
scarce years, which in turn reduced capillary rise and hence
soil salinity, and improved crop growth. However, salinity
levels found for 2009 and 2010 exceeded that of 2008 and
2011, i.e. years of high water availability (Akramkhanov
et al. 2014).

The variable importance assessments were based on RF
according to Breiman (2001). But in these classical recur-
sive partitioning approaches variable selection bias towards
covariates with many possible splits may be observed, which
in turn can seriously affect the interpretability of tree-struc-
tured regression models (Hothorn et al. 2006). The fact that
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Fig.7 Average variable importance (%IncMSE) received from the random forest applications for the multi-temporal data and the environmental

parameters

Fig.8 Spatial distribution of
electromagnetic induction
(EMI) at the end-of-season for
the years 2008-2011. Results
from the random forest applica-
tions for the multi-temporal
data and the environmental
parameters are depicted
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by the selected variable importance method may be another
methodological limitation and call for further research, e.g.
the comparison of different statistical approaches.

the direction of the relation between predictor variables and
soil salinity as results from multivariate ordinary last square
regression (Akramkhanov et al. 2011) could not be measured
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The comparatively small and thus environmentally
homogenous study area very likely challenges the extrapo-
lation of the results. Even though the study covered major
crops of the ASB (Low et al. 2015), variations of soils,
groundwater water conditions (irrigation amounts and
scheduling), and crop phenology limit the transferability.
However, the results indicate that multi-temporal RS can
compensate some variations and future research on a big-
ger area extent may require additional indicators including
soil texture zones or distances to the irrigation and drainage
infrastructure as previously shown by Akramkhanov and
Vlek (2012) at the district level. The same step may also
reduce the unexplained variance of the RF models in this
study.

Rhoades et al. (1992) highlighted remarkable differences
for the relative salt tolerance between crops to the level of
salinity and salinity types. Also previous studies report com-
plication of RS-based approaches due to the variations of
crops in their salt tolerance (Allbed and Kumar 2013). These
facts may be reason for the unexplained variance of the
model in this study, which was applied to cotton and maize
simultaneously. Interestingly, models applied to cotton fields
of CRS only (not presented here) showed similar results and
slightly underperformed the model ensemble applied to all
fields. However, the model is very likely not applicable to
soil under crops different to those included in this study.

4.3 Practical Implications

In Uzbekistan, official salinity measurements are con-
ducted after summer season for managing the leaching of
salts during winter rest (Ibrakhimov et al. 2011). In situ
soil samples and laboratory assessments of electric con-
ductivity (EC) serve for this purpose (Akramkhanov et al.
2008). The electromagnetic induction (EMI) approach,
e.g. using the EM-38, can supplement these samplings
because it is less time and cost consuming (Akramkhanov
et al. 2008) and can be translated to EC (Akramkhanov
et al. 2011). Moreover, together with spatial interpolation
such as kriging it allows for assessments on larger scale

(Akramkhanov et al. 2011; Akramkhanov and Vlek 2012).
However, the study at hand underlines the usefulness of
RS for the prediction of EMI to account for the patchy
structure of salinization patterns that typically occur in
Uzbekistan (Shirokova et al. 2000), maybe even better than
statistical interpolation, which in turn should be subject to
future research.

Against this background, and for assessing the practica-
bility of the multi-temporal RS approach, the EMI meas-
urements and the model outputs at all sample sites were
translated to EC using the existing transfer function (see
Sect. 2.3) (Akramkhanov et al. 2014). Because decisions
are taken based on salinity levels, both EC values based on
model predictions and EMI measurements were classified
according to the local standards (Table 4). Analysing the
confusion matrix, i.e. the calculation of the overall accu-
racy according to Congalton and Green (2008), revealed
that the three salinity classes applied in Uzbekistan could
be met on~80% of the EMI sample sites. In the water
abundant year 2010 (Conrad et al. 2016b) confusion and
overestimation occurred mainly among medium and low
salinity classes and reduced the overall accuracy to 76%.

5 Conclusion

This research aimed at improved salinity assessment in
irrigation systems without functioning drainage and with
shallow groundwater levels at the end of cropping season
through combinations of multi-temporal remote sensing
(RS) and environmental parameters and using random for-
est. The methods were tested on a farm in Uzbekistan,
where frequent in situ observations of EMI were available
for 2008-2011. Multi-temporal RS information exceeded
the performance of mono-temporal data. Increased R and
reduced RMSE clearly show that inclusion of environ-
mental indicators improves the prediction of soil salinity.
Multi-temporal remote sensing data sets especially from
the main irrigation and growing phases may replace some,

Table 4 Confusion matrix between on model outputs and EMI transferred to EC values and classified into different soil salinity classes

Year (RF model) 2008 2009 2010 2011
Salinity-class L M H PA% L M H PA®% L M H PA% L M H PA%
L 27 29 1 47 5 20 1 19 4 30 111 21 38 1 35

M 2 147 22 86 69 22 75 0 34 19 64 0 173 9 95

H 0 12 139 92 0 7 157 9 0 2 131 98 0 19 119 86

UA (%) 93 78 86 83 72 87 100 52 87 100 75 92

Overall Acc. (%) 83 82 76 82

The confusion matrix and the error analysis are described in Congalton and Green (2008)
L low (0-4 dSm™), M medium (4-8 dSm™"), H high (8-16 dSm™"), PA producer’s accuracy, UA user’s accuracy
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even though not all environmental factors in modelling soil
salinity and vice versa.

Scientific comparison of the results with those reported
from other areas is limited. The discussion suggests to
having common concepts and standards in modelling of
soil salinity. Besides exact documentation of in situ data,
sampling design and the model especially the validation
based on independent data are requested because the lat-
ter is the only requirement to assess the prediction quality
and hence the suitability of an approach for extrapolation.

Uncertainties in the RS approach remain from the unex-
plained variances (R?), which may be overcome by the
inclusion of additional data (e.g. distance to the irrigation
and drainage infrastructure), or through improved consid-
erations of physical, vertical processes in the formulation
of predictor variables, e.g. by modelling.

The study underpinned that the approach can support
predictions of EMI at unvisited locations however; vari-
able availability of optical RS data among the years lim-
its temporal transferability of the model and demands a
year-to-year establishment of a new prediction model. In
addition, the comparatively homogenous small study site
calls for further experiments of the presented approach at
larger scales and sampling especially in areas of high or
low salinity.

Nevertheless, plausible prediction of EC levels indi-
cates certain practical applicability of modelling end-of-
season soil salinity through multi-temporal RS and envi-
ronmental parameters. Together with in situ measurements
of EC and EMI, these methods may contribute to formu-
late urgently required, site-specific strategies to cope with
salinity in the entire ASB, and beyond.
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