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Highlight

e The construction of a model to predict topsoil salinity based on satellite image is currently being studied; one of the
popular is multivariable linear regression.

e Applying Bayesian statistical method to build a linear regression model between the on-site topsoil salinity and the
channels extracted from Landsat 8 satellite images in the coastal area of Ben Tre province, Vietham.

e The result of the model is statistically significant, the model efficiency reaches 67%, the RMSE and IOA validation
parameters meet the requirements: 1.31 and 0.63 respectively.

Abstract: The study is aimed to construction of top-soil salinity maps for three coastal districts of Ben Tre province, which is one of the
Mekong Delta areas that have been seriously affected by saline intrusion in recent years. A total of 124 top-soil samples were collected
and analyzed during the dry season in 2021, of which 59 and 65 samples were taken in January and March respectively. Multivariable
linear regression model was then built based on measured salinity, by Electrical Conductivity parameter, and spectral bands extracted from
Landsat 8 satellite images for the respective days. The model was built based on the Bayesian statistical method, processed by the R
statistical program (version 4.0.3), which big difference between Bayesian and classical statistical methods is that this method does not
need to evaluate the distribution of the inputs, therefore helping to optimize the quality and quantity of the collected dataset. The results of
the model showed that the model efficiency reaches 67%, and the RMSE and IOA validation parameters meet the requirements: 1.31 and
0.63 respectively. The model also showed that the infrared and panchromatic spectral bands are the two spectral bands which are capable
of predicting the salinity of the topsoil in this area. Therefore, the results of this study contribute to a potential method in building an
effective and low-cost model to assess surface soil salinity in the study area.

Keywords: Top-soil salinity, EC, Landsat 8, Bayesian statistic, multivariable linear regression.

1. Introduction most severe consequences in the past 100 years, which
damages of about 150,000 billion VND, and affects of
170,000 hectares of agricultural crops. In the dry season
of 2020 (from January to May), drought and saltwater
intrusion took place very seriously in five provinces of the
Mekong Delta, of which the most serious is Ben Tre
province. Although the monitoring system has
continuously constructed and measured the salinity data

of surface water, Ben Tre does not have a salinity

One of the frequent consequences of drought and sea-level
rise is saltwater intrusion from the sea into irrigation
systems of the coastal areas, leading to increasing soil
salinization and thereby reduce the agricultural production
(Shahid et al., 2010, Judkins and Myint, 2012). In
Vietnam, saline intrusion in alluvial areas is recently
considered a serious problem and forecasted to severely
reduce rice and aquaculture production, together with

mixed farming systems deficiency, particular in Ben Tre
province (CGIAR, 2016). According to Vietnam National
Administration of Science and Technology Information, it
is assessed that the saline intrusion in 2016 caused the
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monitoring system for arable land.

Therefore, predicting soil salinity has become vital and
been recently studied, especially in the applying Remote
Sensing images. One methodology is to predict the topsoil
salinity by developing a regression model between
laboratory Electrical conductivity (EC) and the
wavelengths channels extracted from the satellite image.
The extracted bands can be used to predict soil moisture
(Ngo et al., 2019), or soil salinity which are usually
salinity index (SI), vegetation index (VI) or other
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characteristic indexes. Studies have shown that the red,
near-infrared, and infrared bands were capable of
predicting EC with high accuracy (El hafyani et al., 2019;
Bannari and Al-Ali, 2020; Fourati et al., 2017; Allbed et
al., 2014; Qian et al., 2019). For arid soils, VI indices may
not be feasible (Wang et al., 2013; Wang et al., 2020).
They however showed possible correlation to soil EC in
urban green or agricultural areas (Nouri et al., 2018). For
agricultural land with the vegetation cover, studies have
shown a negative correlation between Sl and VI values
(Solangi et al., 2019; Adeeb et al., 2021; Guo et al., 2019;
Kurbatova et al., 2021; Sahana et al., 2020). Besides,
different models of correlation among the salinity indices,
EC and environmental indicators such as climate
conditions, land-use information, soil compositions, and
topographical data are widely studied. Applied methods
include Partial Least Square (Nawar et al., 2014; Fan et
al., 2015; Bhat et al., 2015); Principal Component
Analysis (Lhissou et al., 2014); or Machine Learning such
as Random Forest (RF) algorithm (Hu et al., 2019; Ding
etal., 2020; Sultanov et al., 2018). The relationship among
Sl, soil moisture and EC value was also used as a basic to
build a method to determine salinity, such as Tasseled Cap
transformation-derived wetness (Hasab et al., 2020; Wang
et al., 2019, Gabriel & Soe, 2012; Thiam et al., 2021).
Among these methods, multivariable regression
approaches were extensively applied (Samra and Ali,
2018; Fourati et al., 2017; Yang et al., 2015; Yahiaoui et
al., 2015; Wang et al., 2020; Taghadosi and Hasanlou,
2021; Taghadosi et al., 2019), especially multiple linear
regression models (Bouaziz et al., 2011; Gorji et al., 2017,
ljaz et al., 2020; Shahrayini and Noroozi, 2022). In the
Mekong Delta provinces, studies on building models to
predict saline intrusion in soil using EC values of topsoil
and spectral indices from satellite images have also been
of great interest in recent years. Study of Hoa et al. (2019)
in Ben Tre province used EC field data of 63 soil samples,
and Sentinel-1 SAR C-band image remote sensing data;
the results showed that Gaussian Processes method has the
best fit with the salinity data. Recently, study of Nguyen
etal. (2020) in Tra Vinh province used a linear regression
model for the SI and VI indexes of Landsat 8 images
(OLI) and the EC index. The results showed a good
correlation between the NIR near infrared band, Sl and EC
indexes.

Although different types of salinity index and models
have been applied in many studies to predict topsoil
salinity, there has not been a certainly accurate model, for
the reasons of low salinity, unstable vegetation indices,
and unconsidered effects of perennials, or different quality
of satellite images. The major problem is not finding a
direct relationship between the salinity of the topsoil and
the root-zone soil, together with the soil salinity modelling
is affected by a number of agronomic, hydrological,

biological, topographic, meteorological, anthropological
and multi-scale topographic factors (Akramkhanov et al.,
2012; Scudiero et al., 2016, Matinfar et al., 2013).
Besides, regarding to the multiple linear regression
models, Ordinary Least Square and Maximum Likelihood
Estimation are the two most applied methods to estimate
regression parameters (Raftery, 1995; Lopez Puga et al.,
2015; Fornacon-Wood et al., 2022). These methods
require strict assumptions such as error independent,
identically normal distribution of the dataset, and the
residual for the model validation (Raftery, 1995; Diana
and Heruna, 2018; Fornacon-Wood et al., 2022).
Furthermore, in developing regression models the most
appropriate independent variables need to be chosen in a
single suitable model, which can lead to misleading
results with classic variable selection procedures and an
uncertainty underestimation due to only selecting one
single model (Raftery, 1995; Lopez Puga et al., 2015). For
these reasons, in this study a different approach to
building a regression model between topsoil salinity and
satellite image channels was applied, which is the
Bayesian methodology. This method has been considered
as a better approach for developing multiple linear
regression models when compared to traditional methods
(Raftery, 1995; Fei et al., 2017; Lopez Puga et al., 2015;
Permai and Tanty, 2018, Fornacon-Wood et al., 2022).
Being carried out by the Bayes’ theorem, this approach
considers parameters as random variables and therefore
they are observed as probability distributions. The method
combines the prior knowledge about a parameter with the
likelihood distribution of the parameter in order to
converge to the posterior distribution. Independent
variables selection, hypothesis testing, model selection,
and model uncertainty estimation are simultaneously
performed. This method also gives quantitative outcomes
for easily comparing to other non-nested models and
determining the best model.

In the study, therefore, we applied Bayesian statistical
method and GIS-based technique to different dataset in
the three coastal districts of Ben Tre province, which are
Ba Tri, Binh Dai and Thanh Phu. The purpose of this study
is presented as follow: (1) Establish an integrated
correlation regression model between two datasets: on-
site topsoil salinity data and extracted information channel
bands of the Landsat 8 images; (2) Establish top-soil
salinity zoning maps of the study area.

2. Materials and Methods
2.1. Description of study area

This research was carried out in three districts: Ba Tri,
Thanh Phu and Binh Dai in Ben Tre, a regional province
in the Mekong Delta, Vietnam. This area has a total area
of 1,166.8 km?, and the average population density is 407
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people per km? (Figure 1). Except for Ba Tri town in Ba are mostly coastal agricultural land, which mainly exploits

Tri district which is a small urban area with a higher aquaculture and salt production, perennial orchards, along
population density than other areas, the remaining areas with mangrove areas in Thanh Phu district.
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Fig. 1. Study area.
2.2. Methods

Conducting steps of carrying out the study are presented in Figure 2.
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Fig. 2. Study structure flowchart.

2.2.1 Materials

Two main datasets were used in this study: image

extracted information and topsoil EC salinity.
a) Image dataset

The base map is provided by the Department of Natural
Resources and Environment of Ben Tre Province. The

study also applied remote sensing dataset of Landsat 8
images downloaded from the USGS website, which is a
free source of image data with spatial resolution of 30m x
30m. The images were collected in January, and March of
2021, which must have a cloud cover of less than 10%.
The process of extracting this information is presented in
Figure 3.
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Fig. 3. Images’ process of extracting wavelength bands and salinity indexes.

We used specialized remote sensing software to extract a
total of 11 image channels from selected Landsat 8
images, shown in Table 1. Based on these channels, we

then calculated additional 31 salinity indices as a basis for
evaluation, presented in Table 2. In total, 42 independent
variables are considered in the model development.

Table 1. Landsat 8 extracted channels.

Bands Label e metery "eers,
Band 1 - Coastal aerosol (B1) Bl 0.43-0.45 30
Band 2 - Blue B2 0.45-0.51 30
Band 3 - Green B3 0.53-0.59 30
Band 4 — Red B4 0.64-0.67 30
Band 5 - Near Infrared (NIR) B5 0.85-0.88 30
Band 6 - SWIR 1 B6 1.57-1.65 30
Band 7 - SWIR 2 B7 2.11-2.29 30
Band 8 - Panchromatic B8 0.50-0.68 15
Band 9 - Cirrus B9 1.36-1.38 30
Band 10 - Thermal Infrared (TIRS) 1 B10 10.6-11.19 100
Band 11 - Thermal Infrared (TIRS) 2 B11 11.50-12.51 100
https://www.usgs.gov/
Table 2. Calculated top-soil salinity indexes.
No. Index lable Calculation Reference

1 NDVI (B5-B4)/(B5+B4) Meyer et al., 2019

2 VSSI (2*B3)-5*(B4+B5) Ghazavi et al., 2018

3 Alberdo (0.356*B2)+(0.13*B4)+(0.375*B5)+(0.085*B6) Sahbeni, 2021

4 CRSI J((B5 + B4) — (B3 * B4))/((B5 * B4) + (B3 * B4)) Sahbeni, 2021

5 Bl \/W Ghazavi et al., 2018

6 Sl B4*B3/B2 Ghazavi et al., 2018

7 Sl B4 * B3 Ghazavi et al., 2018
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No. Index lable Calculation Reference
8 SB4 VB4 * B5 Ghazavi et al., 2018
9 SI3 J(B3)% + (B4)% + (B5)?2 Guo et al., 2019
10  Si4 J(B4)2 + (B3)? Guo et al., 2019
11 SI5 B2/B4 Ghazavi et al., 2018
12 RSI B4/B5 Sahbeni, 2021
13 DVI B5-B4 Meyer et al., 2019
14 Intl 1/2*(B3+B4) Sahbeni, 2021
15 Int2 1/2*(B4+B5+B3) Sahbeni, 2021
16 SR (B4-B5)/(B3+B5) Sahbeni, 2021
17 GNDVI (B5-B3)/(B5+B3) Guo et al., 2019
18  SAVI (1+L)*B5 - B4/L +B5+B4 (L = 0.5) Meyer et al., 2019
19 MSAVI (2B5 + 1) — /(2B5 + 1)2 — 8(B5 — B4)
2 Guo et al., 2019
20 VSSI 2*B3 - 5*(B4+B5) Sahbeni, 2021
21 RVI B4/B3 Yahiaoui et al., 2015
22  BI2 J(B4)2 + (B2)? Sahbeni, 2021
23 ENDVI (B5+B7-B4)/(B5+B7+B4) Guo et al., 2019
24 Aster SI (B6-B7)/(B6+B7) Wang et al., 2020
25 LSWI (B5-B6)/(B5+B6) Gao, 1996

B2*0.3029+B3*0.2786+B4*0.4733+B5*0.5599+B6

26 TCT-Bright ) 08 +B7%0.1872

Kauth & Thomas, 1976

B2*0.3029+B3*0.2786+B4*0.4733+B5*0.5599+B6 Kauth & Thomas, 1976

27 TCT-Green *0.508 +B7*0.1872

B2*0.1511+B3*0.1973+B4*0.3283+B5*0.3407+B6 Kauth & Thomas, 1976

28 TCT-Wet *(-0.7117)+B7*(-0.4559)

B2*(-0.8239)+B3*0.0849+B4*0.4396+B5*(-

Kauth & Thomas, 1976

2 TCT4
S ¢ 0.058)+B6*0.2013+B7*(-0.2773)

B2*(- Kauth & Thomas, 1976

30 TCT5 0.3294)+B3*0.0557+B4*0.1056+B5*0.1855+B6*(-
0.4349) +B7*0.8085
B2*0.1079+B3*(- Kauth & Thomas, 1976

31 TCT6 0.9023)+B4*0.4119++B5*0.0575+B6*(-0.0259)
+B7*0.0252

b) EC Salinity dataset Saline soils are those with the conductivity EC > 4 dS/m

In this research, we applied the Electrical conductivity of
the topsoil to assess the salinity of the soil, with the unit
being dS/m (1dS/m = 0.64%o). The topsoil sample in this
study was taken from the topsoil to about 5-20 cm below.

at 25°C (Richards 1954), equivalent to a dissolved salt
concentration of about 2.56%.. In the study, we collected
124 samples, equally distributed into 3 districts. Sampling
is divided into two phases: 59 samples in January and 65
samples in March 2021 (Figure 4).
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Fig. 4. Sampling sites in January and March 2021.

Soil samples after being collected at the field were
preserved and brought to the laboratory to determine the
EC value. According to Vietnam Standard TCVN
6650:2000 on soil quality, the process includes the
following steps: Soil samples are removed from surface
impurities, dried in natural conditions or by a dryer, and
then finely grounded. The sample was then weighed 20.00
grams into a shaker bottle; add to 100 ml of deionized pure
water at 20°C + 1°C; cap the bottle and place it in the
shaker in a horizontal position; shake 30 minutes; then
filter directly through a filter paper. The filtered solution
is then tested EC by a specialized digital refractometer.
The blank sample is processed in the same way, which the
tested value should not exceed 1 mS/m.

2.3. Methods
2.3.1. Bayesian multiple linear regression models

This research applied the Bayesian approach to estimate
regression model parameters by multiplying the prior
distribution and likelihood function to converge posterior
distribution (Rubio and Genton, 2016).

Posterior o Prior x Likelihood

The estimation process in this research based on Bayesian
Model Average approach (BMA) which clarifying the
inevitable model uncertainty in variable selection
procedures by averaging over the best models in a
combination of candidate models according to
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approximate posterior model probability (Fragoso et al.,
2018). All statistical analyses were performed in R
(version 4.0.3) by using the “BMA” package (version
3.18.15). The process of conducting the model is
presented as follow.

Optimally independent variables selection

A total of 42 indexes from satellite-based data of soil
salinity (independent variables) (Table 1 and 2) and 124
sampling values (dependent variable) of two-phases
ground-measured data of soil salinity were used to derive
optimally correlated variables by using the BMA
approach. The best model with optimally correlated
variables were simply selected by the one with highest
posterior probability.

Model development

Based on the results of the optimally selected variables,
the inputs were randomly and automatically divided into
development and validation datasets with a ratio 1:1. The
data splitting process was performed in R (version 4.0.3)
by using the “caret” package (version 1.0-90). The

development dataset was continously applied to build a
multiple linear regression model with 64 sampling values
(dependent variable) and the corresponding selected
variables (independent variables). To evaluate important
variables in the model, the “relaimpo” package (version
2.2-6) was applied.

Model validation

The validation dataset (about 50% of the total dataset, 60
samples) was used to demonstrate a validation of the
model by testing the correlation between prediction values
from the model and observed values from the validation
data set. The accuracy of the model was evaluated by
using Correlation coefficient (r), Root mean squared error
(RMSE), and Index of Agreement (I0A).

2.3.2. Salinity zoning map

Based on the selected salinity indexes in the linear
regression model, salinity values are assigned to each
pixel of the map. The construction of the salinity zoning
map is divided into five colour zones, presented in Table
3.

Table 3. Assigned colours for salinity zoning maps.

Equivalent EC Equivalent salinity
Colour Salinity level Effect on crops
(dS/m) (part per thousand)
- Non saline 0-2 0-1.36 Not detect saline effects
Slightly saline 2-4 136-256 Restricted yields of
sensitive crops
Moderately saline 4-8 2.56-5.12 Restricted yields of many
crops
Strongly saline 8-16 5.12—10.24 Only tolerant crops
satisfactorily
Very strongly saline >16 >10.24 Only very few tolerant

crops satisfactorily

3. Results and Discussion
3.1. Descriptive statistics of the tested soil salinity

Statistical parameters describing the salinity values
converted from EC samples are presented in Table 4. In
phase 1, the average salinity value was 1.169, equivalent
to very low salinity levels. The average salinity value of

https://www.fao.org/

the second phase obtained in March shows that the salinity
level in the topsoil is higher than that of the first phase and
is approximately equivalent to brackish water, compared
with the water salinity. The standard deviations of the two
corresponding phases are otherwise high, at 1.227 and
2.019, respectively; together with high skewness and
kurtosis values indicating an asymmetric distribution.

Table 4. Descriptive statistics of the tested soil salinity (unit: part per thousand).

Phase 1 (January 2021)

Phase 2 (March 2021) Both two phases

N

umber_of 59
observation

Minimum 0.001

65 124

0.427 0.001
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Phase 1 (January 2021) Phase 2 (March 2021) Both two phases

Maximum 5.562 9.856 9.856
1st Quartile 0.462 0.664 0.547
3rd Quartile 1.344 3.776 2.656
Mean 1.169 2.209 1.714
Median 0.704 1.024 0.871
Sum 68.959 143.566 212.525
SE Mean 0.160 0.250 0.158
Variance 1.505 4.075 3.102
Stdev 1.227 2.019 1.761
Skewness 2.224 1.234 1.690
Kurtosis 4.713 1.345 2.905

The data show some unusually high salinity level, and therefore they are possibly outliers, presented in Figure 5. Abnormally
high values can be either coastal sampling points or riparian soils. The mean score also deviates from the central position of
the sample series, showing the tendency to eccentricity of the data.

by

soil_salinit

:

——

soi_salrity_ts

Fig. 5. Box plots of the tested soil salinity.

3.2 Bayesian multiple linear regression models From these variables, four models were established and
assessed, shown in Table 5. Model 1 is best fit with the

3.2.1. Optimally correlated variables selection
P y highest posterior probability (post prob = 72%).

Among 42 proposed variables, eleven were chosen as Therefore, eight variables B1, B5, B7, B8, B9, B10, B11,
potential varibales, including B1, B5, B7, B8, B9, B10, and NDV |1 were selected as optimal correlated variables in
B11, NDVI, Alberdo, CRSI, and BI. The importance of the next stage.

potential explanatory variables is illustrated in Figure 6.

Table 5. Optimal correlated variables.

p!'=0 EV SD model 1 model 2 model 3 model 4
Intercept 100 13.044 5.637 12.566 13.905 15.493 14.508
B1 100 -14.3817 22.929 -4.183 -36.984 -58.974 -34.832
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p!'=0 EV SD model 1 model 2 model 3 model 4
B5 100 -6.6722 25.459 5.545 -30.262 -54.459 -57.205
B7 100 -17.0232 7.993 -13.821 -25.343 -28.757 -20.39
B8 100 -2.9504 6.447 -1.975 -5.348 -5.992 -5.446
B9 100 -62.1756 55.627 -60.896 -67.561 -60.207 -62.428
B10 100 8.9982 26.619 5.258 15.511 23.891 27.744
B11 100 -25.2093 34.387 -20.36 -33.978 -44.43 -47.975
NDVI 100 -7.1104 2.46 -7.855 -6.404 -2.17 -3.16
Alberdo 27.8 25.5221 56.087 85.902 140.969 51.452
CRSI 8.9 -0.2438 1.092 -3.401 -1.782
Bl 3.7 14721 8.538 40.181
No.ofvariable 8 9 10 11
r2 0.562 0.57 0.578 0.592
BIC -60 -57.321 -54.758 -54.039
post prob 0.722 0.189 0.052 0.037

Models selected by BMA

r_bi
rf_bs
f_bT
f_b8
rf_bg
_b10
b1
ndvi
alberdo
crsi o

bi o

sl

Model #

Fig. 6. The importance of potential explanatory variables.

3.2.2. Model development

The development data set with 64 sampling values
(dependent variable) and 64 corresponding values of 8
optimally selected variables from model 1 (independent
variables) was used to build a multiple linear regression

model. The results of the model is shown in Table 6. In
this model, two independent variables (B5 and B8) are
statistically significant. The adjusted R-squared is 54%
and the model is also statistically significant (p-value
<0.001).

Table 6. Multiple linear regression analysis results.

Coefficients Estimate Std. Error t value Pr(>|t|)
(Intercept) 5.0306 8.2186 0.612 0.542995
B1 -5.6832 10.5768 -0.537 0.593211
B5 -10.6497 2.7283 -3.903 0.000261 Frk
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Coefficients Estimate Std. Error t value Pr(>|t])
B7 -7.0237 5.8269 -1.205 0.233216
B8 16.1316 8.2121 1.964 0.054549
B9 57.2279 107.564 0.532 0.596844
B10 -17.1288 37.8612 -0.452 0.652753
B11 17.5898 46.0384 0.382 0.703884
NDVI -0.2114 0.8762 -0.241 0.81028

Residual standard error: 1.081 on 55 degrees of freedom

Multiple R-squared: 0.6001

Adjusted R-squared: 0.5419

F-statistic: 10.32 on 8 and 55 DF

Residuals:
Min 1Q Median
-1.99568 -0.67507 -0.07298

Signif. codes: 0 “***>0.001 “**>0.01 “** 0.05 0.1 ** 1

p-value: 1.123e-08

3Q Max

0.71821 2.25727

The values of the two independent variables (B5 and B8) and the corresponding sampling values from the development data
set were abstracted again to determine a next potential model. The results of this model was displayed in Table 7.

Table 7. Multiple linear regression analysis results for two independent variables B5 and B8.

Coefficients Estimate Std. Error t value Pr(>|t|)
(Intercept) 4.046 0.356 11.366 < 2e-16 faleie
B8 8.39 2.082 4.03 0.000157 *xx
B5 -12.971 1.569 -8.269 1.52E-11 el

Residual standard error: 1.107 on 61 degrees of freedom

Multiple R-squared: 0.5348

Adjusted R-squared: 0.5196

F-statistic: 35.07 on 2 and 61 DF

Residuals:
Min 1Q Median
-2.0475 -0.8104 0.1333

Signif. codes: 0 “***°0.001 “***0.01 “*> 0.05 ‘. 0.1’ 1

p-value: 7.278e-11

3Q Max

0.7748 2.1529

In this model, the intercept and the two independent
variables (B5 and B8) are statistically significant (p-value
<0.001). The adjusted R-squared is 52% and the model is
also statistically significant (p-value < 0.001). Also, the
median of residuals is approximately zero that means the
assumption of normal distribution of residuals is satisfied.
Thus, the model may be considered valid. The regression
for ground-measured data and satellite-based data is
presented in Equation 1 as follows:

Soil salinity = 4.046 - 12.971*B5 + 8.390*B8
@)

The total proportion of variance explained by (1) with two
predictors (B5 and B8) is 44.9%. The quantified
contribution to the model of B5 is higher than the one of
B8 which is approxiamtely 4 times.

3.2.3. Model validation

Both quantile-quantile plot (Q-Q plot) in Figure 7 show a
good agreement between prediction values from Eq.1 and
observed values from the validation dataset. Furthermore,
the results of the accuracy of Equ.l indicate that the
Correlation coefficient (r), Root mean squared error
(RMSE), and Index of Agreement (IOA) values are 0.67,
1.31, and 0.63, respectively.
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Fig. 7. The quantile-quantile plot (Q-Q plot) between prediction and observed values.

With the Correlation coefficient (r) of 67%, there is a
linear relationship between predicted and observed
values. The RMSE value of about 1.31 part per thousand
provides that there is a good overall measure of the
agreement between modelled soil salinity values and
predicted soil salinity values. The I0A value of 0.63,
which is close to 1, means the model performance is also
quite good (Willmott et al., 2012). In overall, the results
of model evaluation show that Equ.1 is considered valid
and can be used to map a salinity distribution for the study
area in the next step.

3.2.4. Salinity zoning map

Based on the developed model (1), salinity zoning maps
are built and presented in Figure 8 and 9. From the maps,
it can be seen that the main direction of saline intrusion is
from the sea to the mainland. Among the three study areas,
Thanh Phu and Binh Dai are the two districts having the

lengthiest saline intrusion, with the average saline area
accounting for about two-thirds of the districts' area. Most
of the saline area of Ba Tri district is along the coastal line.
This area also has the lowest rate of saline intrusion
among the three study areas, which can be explained that
Ba Tri is an urbanized area with a high population density.
Having barriers built along rivers also helps to minimize
salinity intrusion in Ba Tri when compared to the
remaining areas which are mostly agricultural areas. At
the end of March, the total area of land affected by salinity
increased by 4.63% (equivalent to 4,590 ha) compared to
January. Comparing the rate of salinization between
January and March, the results show a slight increase in
salinity in the central area of Ba Tri in March and a few
small inland areas of Thanh Phu and Binh Dai districts.
This can be explained by reversed osmosis from
underground to surface soil.
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Figure 9. Salinity zoning map in March 2021.
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of the study area. This area is concentratedly distributed
into 3 areas: (i) along the coastal line with a distance of 2-
3km from the coast, (ii) along both sides of the river and
canal system, and (iii) distributed in large clusters in the
center of Ba Tri district. The areas with a large decrease
in salinity (coloured blue in Figure 10, changing from MS
to NS) are of about 1,677 ha, accounting for 1.32% of the
total study area. This area is mostly located in the
mainland, and scatteredly distributed in all 3 districts.

The salinity change from January to March 2021 is shown
in Figure 10. The results show that more than 56% of the
study area (71,755 hectares) does not change the salinity.
Areas with a large increase in salinity (coloured red in
Figure 10, changing from NS to MS) are less than 450 ha,
accounting for only about 0.35% of the total study area.
These areas are scatteredly distributed in Thanh Phu
district. Areas with slight increase in salinity (coloured
orange in Figure 10, changing from NS to SS or from SS
to MS) cover an area of 14,460 ha, accounting for 11.40%
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Figure 10. Salinity changes from January to March 2021.

salinity of the topsoil, helping to confirm the previous
studies’ result that infrared channel can reflect the soil
salinity (El hafyani et al., 2019; Bannari and Al-Ali, 2020;
Fourati et al., 2017; Allbed et al., 2014; Qian et al., 2019).
In the study, the built salinity prediction model can
therefore be applied as another fast and cost-effective
method in assessing the salinity intrusion from the aquatic
into the soil environment, and thereby can predict the
extent of damage to agriculture and people’s livelihood.

4. Conclusions

Salinity assessment model based on multivariable linear
regression model according to Bayesian methodology has
a prominent advantage compared to traditional
methodology which is not necessary to evaluate the
distribution of variable groups before running the model.
This advantage can help to save a lot of time and effort, as
well as take advantage of the most of the collected data.
The model of assessing top-soil salinity based on the
Bayesian approach presented in this study has shown its
significance, feasibility and applicability to building
saline maps of the topsoil. The research results show that
the infrared (B5) and panchromatic (B8) channels
extracted from Landsat 8 satellite images can represent the

5. Recommendations

From the topsoil salinity results of the three coastal
districts of Ben Tre province, and the FAO's soil salinity
classification table (Table 3), it can be assessed that the
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salinity is mostly in the low to moderate salinity
categorizes. However, FAO classification of soil salinity
may not be suitable for the assessment of topsoil salinity
due to reverse osmosis from below underground to the
surface soil layers. The impact of the topsoil salinity can
therefore be inaccurate, as the root layers of vegetation are
often located deeper below the surface.

In a recent study in a neighboring province, Tra Vinh, the
near infrared band and Sl index are suggested to predict
the top-soil salinity (Nguyen et al., 2020). This study,
however, none of former salinity indexes (Table 2) is
applicable in the studied region. This is consistent with
previous study about other influencing factors such as
topography, vegetation cover, or low salinity of the area
(Scudiero et al., 2016). One other issue is that as most of
the collected data are in the classification from none to
slightly saline; the model's efficiency is not high.
Therefore, we believe that there is a need for further
studies on the relationship between salinity between the
underlying and the top-soil layer, especially for groups
with different vegetation layers and soil profiles to obtain
more accurate assessments of the impacts of saline
intrusion to the agricultural activities. Besides, the number
of sampling points needs to be more expanded and
distributed to increase model performance.
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