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Background: Soil salinization is a world-wide land degradation process in arid and semi-arid regions that leads
to sever economic and social consequences.

Materials and Methods: We analyzed soil salinity by two statistical linear (multiple linear regression) and non-
linear (artificial neural network) models using Landsat OLI data in Agh-Ghala plain located in north east of Iran.
In situ soil electrical conductivity (EC) of 156 topsoil samples (depth of 0-15cm) was also determined. A
Pearson correlation between 26 spectral indices derived from Landsat OLI data and in situ measured ECs was
used to apply efficient indices in assessing soil salinity. The best correlated indices such as blue, green and red
bands, intensity indices (Intl, Int2), soil salinity indices (Sil, Si2, Si3, Sill, Aster-Si), vegetation Indices
(NDVI, DVI, RVI, SAVI), greenness and wetness indices were used to develop two models.

Results: Comparison between two estimation models showed that the performance of ANN model (R?*=0.964
and RMSE=2.237) was more reliable than that of MLR model (R?=0.506 and RMSE=9.674) in monitoring and
predicting soil salinity. Out of the total area, 66% and 55.8% was identified as non-saline, slightly and very
slightly saline for ANN and MLR models, respectively.

Conclusions: This shows that remote sensing data can be effectively used to model and map spatial variations of
soil salinity.

Keywords: Artificial neural network, Electrical conductivity, Landsat OLI data, Multiple Linear Regression,
Iran

1. Background social consequences (17). Soil salinization is a

Soil salinization is a term that includes widespread phenomenon, with saline and sodic
saline, sodic and alkaline soils in arid and semi- soils covering 932.2 M ha globally (48), from
arid regions that leads to severe economic and which 34.19 Mha or over 10% of the total
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irrigated land (5) are affected by soil
salinization due to mismanaged irrigation.
Global soil salinization hotspots include
Pakistan, China, United States, India,
Argentina, Sudan and many countries in Central
and Western Asia (5, 24). With a climate
predominated by little rainfall and adverse
evapotranspiration rates, and soil characteristics
that restrain salt leaching, arid irrigated lands
are prominent salinization hotspots (17).
Widespread extent of irrigated lands in central
and northeast of Iran are affected by primary
and secondary salinization. Land degradation,
productivity loss and increasing the salt
concentration lead to other soil degradation
problems such as soil dispersion, sealing and
compaction. This process is a serious problem
that now is threatening sustainable agriculture
and land management throughout the world.
Therefore, early-stage identification and
assessment of the extent and degree of severity
of salinization are vital for sustainable land-use
planning (42).

During the last two decades, remote sensing
technology by using avariety of data, such as
aerial photography, video images, infrared
thermography, visible and infrared
multispectral, and microwave images (8, 32)
has been used widely for detecting soil salinity
due to its wide spatial coverage, ability to
update quickly, and low cost (21, 41). Among
them, board band remote sensing data with
various spatial and temporal resolution (Landsat
TM - Landsat ETM - Spot XS — lkonos —
QuickBird- Aster ad IRS) have been generally
used for monitoring salt affected soils (19, 36,
1,44). Despite some difficulties using
multispectral sensors, such as their low spectral
resolution and the wuse of conventional
classification methods, including supervised
classification and visual interpretation (53),
they have been successful in differentiating
between sever saline and non-saline soils(21,
50). Nevertheless, in recent years soil salinity
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mapping using multispectral images has
progressed from qualitative approaches, such as
classifying different degrees of salt affected
soils (34, 21, 11), to quantitative digital
mapping (44, 13, 26). Some more popular
statistical techniques that have been frequently
used in literatures are to map and identify
relationships between soil properties, water,

climate, topography, vegetation and salt
parameters(e.g. EC or SSC) using linear
regression model (MLR) (48,42,26) and

artificial neural network (ANN) (22, 48, 2, 45).

2. Obijective

Covering farmlands with great potential for
agricultural development, Agh-Ghala plain is
severely affected with salinization that poses
the highest threat for agriculture (46).
Therefore, detailed survey on the spatial
variation of soil salinization is necessary to
prevent further salinization and manage saline
soil in this region. Several researchers have
attempted to estimate and map soil salinization
using reflectance composition indices obtained
from Landsat TM or ETM+ images (44,13, 6).
Nostudyon soil salinity estimation using
Landsat 8 - OLI images has been recorded in
Iran and studies in other parts of the world are
very limited (26). Therefore, we attempted to
investigate soil salinity variation using spectral
indices derived from Landsat 8 OLI data
through two quantitative models for an area
within Iran. Therefore, the main objectives of
this study were: 1) to identify and analyze the
relationship between spectral indices of Landsat
8 (OLI) and topsoil salinity (through EC) in
depth of 0-15 cm in parts of Agh-Ghala plain of
Iran, and whether spectral indices were
effective on soil salinity estimation, and 2)
Digital mapping and to estimate soil salinity
using remote sensed images and two statistical
predictive models (MLR and ANN) and
analyzing the better method by comparing their
estimation accuracy.
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3. MATERIALS AND METHODS
3.1. Study area

The study site (Figurelc) lies in north-east
of Agh-Ghala plain in Golestan Province that
covers an area of 3500 h (37° 41' 9" to 37° 7'8"
N and 54° 28' 26" to 54° 35' 52"E). The highest
elevation is about 47.4 m in eastern side and the
lowest one is about 30.9 min southwest side of
the study area. Climate of the area is mild and
semi-arid with the mean annual temperature of
18.8 °C. The mean annual precipitation is
approximately 367.5 mm, most of which is
received between June and September. The
mean annual evapotranspiration is 1073.643
mm, almost 3 times the mean annual
precipitation.

The most common land use of the region is
farmland that is mostly under wheat, rapeseed
and barley and in summer they are generally
under fallow and secondary cultivation of rice,
sunflower and cotton. Morphologically, the
region includes river alluvial plain type whose
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parent materials are alluvial. Dominated soil
texture of the area is silty-clay that is suitable
for agriculture but poses some difficulties in
sustainable agriculture due to high amounts of
salt and sodium in top soil texture. Because of
higher level of the ground water table (mostly at
a depth of 1-2 m) and rise back of salts in the
drained water by capillary rise, soil surface
salinization is happening in the area (43).

3.2. Soil sampling

Initially, the corners of a network with 500
meter intervals in the study area were
designated as location of soil sampling, but due
to some natural and morphological conditions
as well as different land uses in the study area,
some sample locations were modified
(Figurelc). In July 2014, 156 soil samples were
collected from top soils (0 to 15 cm) of the
designated locations, and upon drying, their EC
were measured in laboratory in their saturated
paste extract (30).

286000

10
Kilometers

286000

4110000

4108000

4106000

4104000

Figure 1 Location of the study area and spatial pattern of soil sampling points
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3.3.Landsat data preprocessing

The multispectral Landsat 8 (OLI- TIRS)
satellite image (path 163-row 34) was acquired
on July 10, 2014. The Landsat 8 carries two
instruments: (1) the Operational Land Imager
(OLI) that collects image data for nine
shortwave spectral bands (OLI1~ OLI9) over a
185 km swath with a 30 m spatial resolution for
all bands except a 15 m panchromatic band
(OL18), (2) the thermal infrared sensor (TIRS)
that collects image data for two thermal bands
(TIRS10, TIRS11) with a 100 m resolution over
a 185 km swath (29). The Landsat 8 (OLI-
TIRS) data was geometrically corrected using a
corrected image to exactly geolocate the sample
point locations and also clearly show the

surface reflectance of the soil samples.
Nevertheless, atmospheric correction was
performed on land sat 8 (OLI-TIRS) data based
on dark subtract method using ENVI 4.5
software to match the image data to the real
surface reflectance spectra.

3.4. Remote sensing indices and processing

According to several spectral combinations
highlighted in the literatures, as the primary
input, 26 spectral indices and bands used that
were generated from four different remote
sensing indicators, viz. salinity, intensity,
vegetation and spectral indices and bands from
(OL) sensor of Landsat 8 (Table 1).

Table 1 Applied salinity effective indices and bands of Landsat8 on the study area

Indices
S JB3xB4 6y
Salinity SI2 VB32 + B4? + B5? @)
indices SI3 B3? + B4 4)
SI-11 B5/B6 (5)
Aster_SI (B5-B6)/(B5+B6) (6)
Intl (B3+B4)/2 @)
Intensity Int 2 (B3+B4+B5)/2 (8)
indices Bl B32 + B52 9
SAVI (B5-B4) x (1+L) / (B5+B4+L) (10)
NDVI (B5-B4) / (B5+B4) (11)
. DVI (B5-B4) (12)
Vegetation WDVI B5-( a xB4) (13)
indices PVI NIR — (a.R +b) 14)
TSAVI NIR - (a.R +b) (15)
R+ A(NIR—b)+0.08(1+a?)
B2-B3-B4-B5-
B6-B7
Spectral COSRI (B2+B3) / (B4+B5) x NDVI (16)
Indices MSI B6/B5 ()]
Brightness 0.3037xB2+0.2793xB3+0.4743xB4 (18)
+0.5585xB5+0.5082xB6+0.1868xB7
Greenness -0.2848xB2-0.2435xB3- (19)
0.5436xB4+0.7243xB5+0.0840xB6-0.1800xB7
Wetness 0.1509xB2+0.1973xB3+0.3279xB4-0.3406B5- (20)

0.7112xB6-0.4572xB7
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B2, B3, B4, B5: blue, green, red, near-
infrared bands, B6 and B7: infrared bands of
Landsat8 image; bands of Landsat8 image
respectively; a, b: soil line coefficients. L: a
constant equals to 0.5; Intl and 2: intensity
within the visible spectral range and VIS-NIR
spectral range respectively (19); BI: brightness

index (31); NDVI: normalized difference
vegetation index (40); SAVI: soil-adjusted
vegetation index (28); DVI. difference
vegetation index (14); WDVI: weighted
difference vegetation index (14); PVL:

perpendicular vegetation index (49); TSAVI:
transformed soil-adapted vegetation index (7);
COSRI: Combined Spectral Response Index
(23); Brightness, Greenness and Wetness (33).
A Pearson correlation between 26 remote
sensing data and EC measurements was made
to identify the efficiency of each index in
assessing soil salinity and omit non-correlated
parameters with ECs. Furthermore, a single
correlation analysis between independent
variables shows that there is high correlation
between them. Spectral bands and indices
involve many variables and they tend to be of
high multicollinearity (42) that specially is
worse in constructing linear statistical models.
Therefore, other non-linear methods are
required to eliminate redundant information of
variables. All the statistical operations were
done using SPSS (version 22).

3.5. Spatial prediction models of EC
3.5.1. MLR

Multiple linear regressions (MLR) is a
multivariate statistical technique that assesses
the coefficients of the linear equation, using two
or more independent variables to predict the
dependent variable. After selecting spectral
indices correlated with in situ ECs (as predictor
variables), 80% of the soil samples areselected
to calibrate the model and the remaining 20% to
validate the model prediction based on T-Test
(47). According toTomasella et al. (47), if there
is no significant difference between means and
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standard deviations of two data sets, better
results can be expected from statistical models.
Several multiple linear regressions (MLR's) are
explored in this study to predict soil salinity.
The choice of the best model is based on the
coefficient of multiple determination (R?)
computed by the model (20, 51, 10). Remained
indices in the best model show the highest
correlation with the EC from the ground truth
(10).The resulting model was used to estimate
the image-scale soil ECand to map the
distribution of soil salinity. All statistical
operations and making soil salinity map were
done using SPSS (version22), Idrisi (Selva) and
ARC GIS (10) software, respectively.

3.5.2. Artificial neural network model (ANN)
Artificial neural network is a mathematical
model that has the ability to place the non-
linearity processes in order to set relationship
between input and outputs in any systems. The
neural network includes three layers, viz. input,
output, and hidden layers, within which there
are nods or nerve cells (neurons) connected to
the next neurons through the weights. In this
study, a multiple —layer feed—forward back
propagation network with three layers was
used: an input layer with 16 neurons including
remote sensing data representation  of
independent variables (blue, red and green
bands, Sil, Si2, Si3,Sill,Aster Si, Intl,Int 2,
NDVI, DVI, RVI, SAVI, wetness and
greenness Indices), a hidden layer and an output
layer. Tan-sigmoid transfer function (non-
linear) has been used in hidden layer so as to
allow only approximate non-linear relations (to)
present between input and output layers (27).
The Levenberg-Marguardt algorithm was used
for network training because of its efficiency,
simplicity and fast optimization (4).The number
of neurons in hidden layer, in the present study
were varied from 16 to 25 and the most
appropriate number was decided by a trial- and-
error method (12) in order to minimize error
criterions of the model. Data preprocessing
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technique of standardizing to a mean of zero
and standard deviation of one were applied to
the inputs to normalize the remote sensing data
according to bellow equation:

X, — X
X.

Imax

imin

X. | =
istd _ M

(21)

imin

Where Xiqq is the standardized value of

variable, X; is the original value and X« and
Ximin are the maximum and minimum of
variable respectively.
For model calibration and validation, all sample
points of EC measurements were divided into
two subsets, one for training the network (80%
of input data) and another for testing the
network performance (20%) as mentioned in
2.3.1. section. For ANN modeling, the
computer software Matlab (2011) and the
neural network tool box were used (18).Digital
mapping of soil salinity of the study area based
on final weights of the most appropriate neural
network in terms of size and performance was
made in ARC GIS software (version10).

3.6. Cross validation of top statistical models

To compare the performance and sufficiency
of MLR and ANN prediction models for soil
salinity, four different criteria, viz. root mean
square error (RMSE), RSE (Relative standard
Error), R? (coefficient of determination, and ME
(mean error) for the estimated EC values (Y' )
and measured EC in field were calculated
(equations 22-25).

RMSE = \/%i(Zo—Zp)z 22)

Jli(ZO—zmz
RSE =

i=1

23
ZOaVe ( )
1 n
ME ==) (Zo-Zp) (24)
)
R2 _ Z::l (ZO - Zoave)(zp - Zpave) (25)

\/Z (Zo-Zo,,.)*(Zp - Zp,,.)?
i=1

Where Zp denotes the predicted values, Zo
is the observed value. Zog,. and Zp,, show the
average of observed and predicted values,
respectively, n is the number of data.

4. Results and Discussion
4.1. Descriptive statistics of EC data

The descriptive statistical analysis of soil
salinity (Table2) showed that the EC of 156
samples ranged from 0.358 (dS m™) to 58.100
(dSm™) with the coefficient of variation (CV)
of 1.25 (dS m™). It means that salinity in the
study area was highly variable (52). The mean
EC value of 9.896 indicated that half of soil
samples were moderately salt affected.
However, according to Table 3, the amount of
non-saline, slightly and very slightly saline soil
samples (EC<8 dSm™, 66% of all soil samples)
were not only more than moderately and
strongly saline soil samples (EC>8 dS m™,
33.98% of all samples) but also more
distributed than them.

Table 2 Descriptive statistics of surface soil EC measurements

Layer (Cm) Min Max  Average  Std.deviation CV (%) Kurtosis  Skewness
EC
(0-15cm) (dSm™)  0.385 58.10 9.896 12.423 125.4%  2.378 1.721
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4.2.Remote sensing processing

The Pearson correlation at a level of p<0.05
(2-tailed) was conducted between the measured
ECs and Landsat OLI spectral bands and
derived indices to reveal the more causative
parameters on soil salinity, among which 17
predictor variables were significantly correlated
with the measured ECs (Figure 3). Intensity,
salinity and vegetation indices showed low
correlation with the EC, varying from 0.211 to
0.297, 0.158 to 0.304 and -0.169 to -0.238,
respectively. In terms of spectral bands and
indices, moderate correlation belongs to B2

(0.419) that is the highest of them. According to
Figure 3, because of low correlation between
spectral bands and EC (upto 42%), the indices
derived from them have alimited potential for
detecting soil salinity. The low spatial
resolution (30x30m) of the Landsat OLI data is
one reason of such a weak correlation.
Furthermore, remote sensing data cannot alone
present perfectly all salinity characteristics of
soils. The third reason is that limited collected
samples cannot be completely representative of
all pixels because one sample represents only
one point on the relevant 30 x 30m pixel.

(a) (b)
0.4 0.4
' T T T T T T 0
T T T O {»N (923 & (9\\' &,6)\
int2 intl ° ¥
3
0.5
(d) 0.4
0.3
0.2
0.1
T T T T T T O
é? é; Q@ ¢§ cb
& N \o’b ‘Olb ‘0%
4\6}' Q/Q > QO <
i & & & N
0.3 % & 9

Figure 3 Correlation coefficients (y axis) between the measured ECs and indices, including intensity (a), salinity
(b), vegetation (c), spectral bands and indices (d)

4.3. Statistical analysis
43.1. MLR

The MLR model as a linear statistical
equation was used to estimate soil salinity of
the region. From 17 parameters correlated with
the measured ECs (Figure 3a-d), WDVI index
was not significantly correlated with training
ECs (80% of all ECs) and was omitted.The
remaining indices were applied as predictor
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variables to build up MLR model. Among
several explored models, the best one was
found (equation 26) based on the coefficient of
multiple determination (R?). Combining these
salinity indices helps to build a more reliable
MLR empirical relationship to predict soil
salinity. The regression relationship is given by
following Equation:
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Predicted (EC) 36.889+0.024B2-
160.142Aster-Si -60.676 RVI1+0.005 wetness
(26)

The best R? value in the regression output
indicates that only 50% of the total variation of
the predicted EC values can be interpreted by
the predictor variables used in the model. The
regression coefficients of the model showed
that the Aster —Si contribution to the estimation
of soil salinity had the highest value, followed
by RVI index, blue band, and wetness index
made the lowest contribution to the estimated
soil salinity. The results of this research were
slightly different from the earlier findings either
in the contribution of the blue band (37, 42) or
the spectral reflectance of the wetness index
(45). These differences were most likely caused
by differences in the study area, the chemical
components of the soil, and the band range of
the multispectral data as well as other possible
factors. Four criteria, viz. RMSE, RSE and ME
values were computed for evaluating the
performance of two models for both prediction
and validation data sets, having values of 9.331,
0.840 and 1.183, respectively, in the calibration
process and 10.998, 1.733 and -0.789,
respectively, in the validation process (Table 4).
These results indicated that the accuracy of
MLR model performance was reliable to assess
spatial soil salinity. According to Table 4, the
coefficient of determination (R?) calculated for
the best model equaled 0.5which was lower
than the earlier findings of about 0.7 and 0.8
(13, 45).1t reveals that soil salinity (EC) is not
only influenced by remote sensing indices but
also some other important terrain indices.
Another reason is that the spectral reflectance
of Landsat OLI data is influenced by moisture
content and vegetation cover. So, several
researchers have achieved good performance
with linier regression models (6, 36, 3) due to
the enhanced image efficiency in highlighting
information from soil salinity and suppressing
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other details such as vegetation. Distribution
map of the estimated EC into 6 classes using
MLR model is shown in Figure 5, the definition
of which is based on the visual interpretations
combined with various levels of soil EC. These
categories are: (1) non-saline soils, (2) very
slightly saline soils, (3) slightly saline soils, (4)
moderately soils, (5) highly saline soils and (6)
severely saline soils.

ETET
eh?
EC (dS m-1) e
<2 non-saline TR

- 2-4 very slightly saline
4-8 slightly saline

8-16 moderately saline

- 16-30 highly saline 00408 16 24 32
- 530 severoly salive . — —— Kilometers
Figure 4 Predicted map of EC (dS m'l) using
MLR model
43.2. ANN

We used artificial neural network model to
monitor and predict the soil salinity in terms of
EC. After normalization of all the measured EC, a
total of 126 points (80% of all EC point data) was
used for calibration of the model, while the
remaining data (20% of EC points) were used for
validation. Using a trial- and- error method, 10
various network architecture with fixed 16
neurons and 1 in input and one output layers and
different number of neurons (16 to 25) in hidden
layer were schematized and among them the
neural network schemed at 10-22-1 architecture,
with the lowest RMSE error (2.371) and the
highest R (0.964), was selected as the most
appropriate ANN architecture to predict and map
spatial distribution of soil salinity (EC).
Validation results for the ANN prediction model
based on the training (80% of all data) and
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validation data set (20% of all data) is presented
in Table 4. The predictive accuracy of ANN
model reached a high level (R*=0.964 and
RMSE= 2.371), indicating the measured and
predicted values of ECs were highly correlated.
So, ANN predictive modelhada great potential for
estimating and mapping soil salinity, which was
in agreement with the earlier works (22, 48) that
confirmed the efficiency of ANN empirical
method to predict soil salinity.

Soail salinity map within 6 classes of predicted
EC using ANN method is shown in Figure 5.The
extent of areas of each class of two salinity maps
(MLR and ANN methods) is shown in Table4.
ANN prediction model had predicted 66% of the
total area as non-saline, slightly and very slightly
saline classes, whereas the prediction was 55.8%
in MLR model. Both prediction models could
clearly identify the non-saline, slightly and very
slightly saline soils were distributed in fallow and
croplands covered by lacustrine sediments and
shallow ground water level; severely saline soils
were distributed in limited areas of saltmarshes in
the northern part and other uncultivable or
sparsely vegetated saline soil of the study area
were covered with a thick layer of salt.
Comparison of two salinity maps and land use
classification map (Figure 6)revealed that in parts
of the study area with concentrated cropland of

summer crops ( rice, cotton, sunflower), non-
saline to slightly saline soils (0<SEC<8 dS m™)
were more distributed due to soil texture and
proximity to irrigation canals and drainage
network. According to Akhtar et al. (1), cropland
class had more uniform canopy cover in winter
cropping season due to widely grown wheat crop
compared with summer cropping season. This is
because of post-harvest fallow land previously
under winter cropping (e.g. cereals), early growth
stage of summer crops, and likely lack of natural
vegetation's caused by hot and dry summer
season.

<2 non-saline

- 2-4 very slightly saline
4-8 slightly saline

8-16 moderately saline

I 16-30 highly saline SmeTE B n Al
- 30 severiy Saliid - — — Kilometers
Figure 5 Predicted map of EC (dS m™) using ANN
method

Table 3 Area extent of soil salinity level derived from MLR and ANN prediction models

Salinity EC Observed Observed Predicted Predictedarea (%) Predicted Predicted
Extent value soil soil area (ha) (MLR) area(ha) area (ha)
samples  samples  (MLR) (ANN) (ANN)
(n) (%)
Non-saline 0-2 51 32.69 633.69 19.3 789.75 24
Very slightly ~ 2-4 27 17.30 344.25 10.5 619.74 18.9
saline
Slightly saline  4-8 25 16.03 852.66 26 758.88 23.1
Moderately ~ 8-16 19 12.18 921.69 28.1 631.53 19.23
saline
Highly saline  16-30 19 12.18 427.59 13 130.32 4
Severely saline  >30 15 9.62 104.58 3.1 354.24 10.8
Total 156 100 3284.46 100 3284.46 100
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Figure 6 land-use classification map

With regard to the soil salinity maps
(Figures 5 and 7), highly saline and severely
saline soils belonged to the northern part of the
region. This is considerable because of lack of
irrigation canals and deficient drainage network
in northwest of the study area (Figure 6).
Additionally, dried out water body in north with
a thin surface salt all across it as well as being a
stripe of salt flat exactly on north of the water
body are more than explanations of the
problem. This is reasonable to overcome soil
salinity complications in future by reforming
incomplete irrigation and drainage canals and
feeding the water body by river, through
irrigation canals in the study area.

4.4, Validation and comparison of two models
A predictive statistical model based on MIR
analysis with 16 independent variables and the
measured EC points was constructed to
compare it with ANN predictive model and
evaluate the latter’s reliability. The results
indicated that the ANN prediction model hada
greater accuracy than the MLR model. The R?
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value of the ANN predictive model was 0.964,
while the R® of the MLR model was 0.506. The
RMSE and ME values were 2.371 and -0.059
for ANN model that were lower than RMSE
and ME wvalues of 9.674 and 0.804,
respectively, for MLR predictive model (Table
5). A single correlation analysis between 16
predictor variables showed that there were high
correlations between them with the range of
16.1% to 99.5% that made multicollinearity
between independent variables and caused to
some extent less reliable predicted values of EC
in linear regressions. Therefore, the ANN
method was more suitable than MLR model to
estimate soil salinity, which was in agreement
an earlier study (45) in which both feed forward
ANN (R?=0.68, RMSE= 36.67) and cascade
forward ANN (R?= 0.68, RMSE= 38.10) had
more reliable performance than MLR method.
(R?= 0.66, RMSE=39.68). Sidik et al. (42) in
their comparing two multicollinearity of PLSR
and SMR methods, confirmed the prediction
accuracy of SMR method was lower than PLSR
method.
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Table 4 Accuracy comparison of two different models (MLR and ANN)

MLR ANN
RMSEC (dS m™) 9.331 2.410
RMSEV (dS m™) 10.998 2.199
RMSE (dS m™) 9.674 2.371
RSEC (dS m™) 0.840 0.225
RSEV (dS m*) 1.733 0.345
RSE (dS m™) 0.949 0.240
MEC (dS m™) 1.183 -0.067
MEV (dS m™) -0.789 -0.024
ME (dS m™) 0.804 -0.059
R? 0.506 0.964

Note: RMSEC and RMSEYV are root mean square error in the calibration and validation processes respectively

According to Metternicht and Zinck (35)
and Goldshleger et al. (25), salt causes
variations in the surface roughness, which
induces variation in the soil spectral reflectance.
It means that many spectral properties such as
the presence of salt crust, soil color and
moisture content have a combined effect on
saline soil reflectance. Thus, it is clear that
using methods with applying combinations of
spectral bands yield a better result than the
actual band used for modeling and mapping soil
salinity alone ( 36,54,45). The simplicity and
fast optimization of MLR and ANN methods
and acceptable degree of accuracy make them
promising tools for use in soil salinity
prediction.

5. Conclusion

We attempted to compare the linear and non-
linear statistical prediction models of MLR and
ANN in mapping soil salinity in a part of
northeast of Iran. Although the performance of
both methods were reliable in monitoring and
predicting soil salinity, due to relatively high
correlation between dependent variables and
weak correlation between dependent and
independent variables, the acquired coefficient
of determination (R%) of MLR prediction model
was moderate (0.506). To overcome this
slightly bad result, we propose that some terrain
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indices along with spectral indices can reveal a
more efficient and reliable predicted soil
salinity map in the same or larger scale than the
present study area. The ANN predictive method
was found to be more reasonable in predicting
soil salinity with higher R? and lower error
criteria in comparison with MLR model. It is
suggested that other soil salinity prediction
models, such as PLSR (partial least squares
regression), should be applied in the study area
to reduce the dimensions of independent
variables in order to create more accurate
spatial distribution map of soil affected areas.
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