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Abstract

Soil salinity accumulates a high concentration of salts in soils that interfere with normal plant growth. Early detection and
quantification of soil salinity are essential to effectively deal with soil salinity in agriculture. Soil salinity quantification and
mapping at the irrigation scheme level are vital to evaluating saline soil's reclamation activity. Existing solutions of salinity
mapping are costly, time-consuming, and inadequate for applications at the irrigation scheme level. Internet of Things (IoT)
assisted salinity mapping at the irrigation scheme level is proposed to quantify and map the soil salinity in agriculture. The
proposed IoT-assisted salinity mapping characterizes the soil salinity in terms of Electric Conductivity, pH, and Total Dis-
solved Salts. The proposed IoT-assisted salinity mapping effectively observes impacts of reclamation activities in saline soil
by frequent observation of soil salinity cost-effectively. The accuracy of proposed IoT-assisted salinity mapping is evaluated
against the standard method of salinity measurements. The proposed IoT-assisted salinity mapping is cost-effective, and

portable, which is very useful for site-specific treatments and soil zones management in saline soils.

Keywords IoT - Soil salinity - Salinity mapping - Electric conductivity (EC) - pH - Total dissolved salts (TDS) - Water
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Introduction

Soil degradation is a severe concern for sustainable devel-
opments in agriculture. Soil salinity is a land degradation
phenomenon due to a high concentration of salts in the soils
(Muller and Niekerk 2016; Kumar et al. 2015). Soil salinity
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has adverse implications in agriculture with severe impacts
on socioeconomic developments (Wang et al. 2018). Poor
agriculture production and loss of precious land resources
are the major impacts on socioeconomic developments. Fur-
thermore, soil salinity is a serious hazard for the Food and
Agriculture Organization (FAO) objective to feed the ever-
increasing human populations that are expected to reach up
to ten billion by 2050 (Singh 2018; Yu et al. 2018).

Soil salinity may be due to the parent material of soil or
due to poor agricultural practices, known as primary and
secondary soil salinity, respectively (Zaman et al. 2018).
Intensive agricultural activities have diversified the issues
of secondary soil salinity especially in arid and semi-arid
regions (Abou Samra and Ali 2018). High temperatures and
low rainfall in arid and semi-arid regions favor the process
of soil salinization due to the high evaporation rate in these
conditions.

Soil salinity turns the fertile soil into unfertile soil. Thus,
soil salinity makes soil unfit for agriculture purposes (Muller
and Niekerk 2016; Bashir et al. May 2020). Soil salinity also
has adverse impacts on farms and infrastructures, resulting
in barren lands (Muller and Niekerk 2016). According to one

@ Springer


http://orcid.org/0000-0002-3817-2655
http://crossmark.crossref.org/dialog/?doi=10.1007/s13201-022-01619-1&domain=pdf

105 Page2of16

Applied Water Science (2022) 12:105

estimate, one billion hectares worldwide is salt-affected with
soil salinity, which is about seven percent (7%) of the total
earth's continental surface area (Zewdu et al. 2017). More
than one hundred and twenty-four countries are suffering
from the issue of soil salinity (Zewdu et al. 2017). The dis-
tribution of the soil salinity in different regions of the world
is given in Table 1.

The high concentration of salts in saline soil has a severe
impact on plant growth and crop production. Soil salinity
harms crop and plant growth with a reduction in agriculture
productivity (Clenio et al. 2015). The uptake of the high
concentration of salts from the saline soil has several nega-
tive effects on plant growth. Followings are some of the
negative impacts of high concentrations of salts in the soil.

1. A high concentration of salts in saline soil interferes
with normal plant physiology, which causes the poor
growth of plants.

2. A high concentration of salts also negatively impacts
hormonal activities and cell membrane functions of crop
plants (Zaman et al. 2018).

3. A high concentration of salts causes oxidative stress in
plants.

4. The plant's ability to uptake nutrients from the saline soil
is severely affected.

There is an immense need for a solution for mapping and
quantifying soil salinity at the irrigation scheme level to
effectively deal with the issue of soil salinity. Early detec-
tion of salinity hazards is essential to support reclamation
activities accordingly (Yu et al. 2018; Liu and Nelson 2008).
Mapping and quantifying soil salinity are also essential to
observe the impacts of reclamation activities against soil
salinity. Therefore, there is a need for a solution that enables
the farmers to determine the salinity level in the field in an
accurate, frequent, and cost-effectively manner. In addition,
soil scientists require a soil characteristics database at the
regional, continental, and international levels to ascertain
the issues related to soil. Such a database could be very
helpful in dealing with issues related to soil across the world
(Nocita et al. 2015). Different approaches to salinity map-
ping have emerged in recent years each with its advantages.

Table 1 Region-wise salinity

oo Regions Salinity
distribution (Tellaeche et al. distribution
2011) %)

Australia 38.4
Asia 33.9
America 15.8
Africa 8.6
Europe 33
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The emerging techniques of salinity mapping are explored
in the literature review sections.

Soil salinity is the measure of the concentration of salts in
soils. Different parameters and models appraise the concen-
tration of salts in soil. The Electric Conductivity (EC), Total
Dissolved Salts (TDS), and pH are very common parameters
for appraising the soil salinity. These parameters appraise
soil salinity in terms of the concentration of total salts pre-
sent in the soil.

IoT has shown tremendous success in many areas of life,
including agriculture (Rehman et al. 2022). The IoT has
the potential to deal with different challenges in agricul-
ture (Kolivand et al. 2019). Emerging IoT-assisted environ-
ment monitoring solutions are very popular and success-
fully improve productivity in agriculture (Saba et al. 2017,
Khan et al. 2021). IoT-assisted Precision Agriculture (PA)
and smart farming applications have shown tremendous suc-
cesses in environmental monitoring, irrigation water man-
agement, remote equipment control, animal monitoring, and
many more (Rehman et al. 2022; Khan et al. 2021).

IoT is an exciting discipline that can provide context-
aware services that are useful for dealing with agriculture
issues. Up to the end of 2020, about seventy-five million IoT
devices will be deployed in agriculture (Rehman et al. 2022).
IoT also improves the process in agriculture to support
energy efficiency, which leads to sustainable development
in agriculture (Akram et al. 2020; Shaikh et al. 2017). IoT
has shown tremendous success in monitoring and controlling
the crop field environment in agriculture (Ismail et al. 2020).
The ameliorative strategy for saline soil requires accurate
temporal and spatial salinity mapping. IoT has the potential
to map the soil salinity accurately and cost-effectively to deal
with soil salinity effectively.

Organization of the study

The study discusses the issue of soil salinity, its impacts, and
distribution across the world in the “introduction” section.
In the "literature review," section the emerging soil salin-
ity mapping techniques are reviewed. The advantages and
disadvantages of different techniques of salinity mapping
are also discussed to identify the prospects of the proposed
solution and to identify the research gap for the study. In
the "Material and method" section, the architecture of the
proposed solution, the model of soil salinity, and the imple-
mentation of the proposed solution are described. In the
"evaluation" section the accuracy of the proposed solution
is evaluated against the standard method. At last, the analysis
and discussion with limitations of the study are given.
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Contribution of the study

In agriculture, early detection of salinity hazards and support
of reclamation activities in saline soils is critical. Therefore,
there is a need for a cost-effective solution for soil salin-
ity quantification and mapping and supports the frequent
observation of soil salinity at the irrigation scheme level
in agriculture. IoT can play a significant role in address-
ing salinity mapping issues at the irrigation schema level in
agriculture (Fern et al. 2017). The main contributions of the
study are listed here.

1. Proposed a portable IoT architecture of salinity mapping
at the irrigation scheme in a cost-effective way.

2. Assessment of proposed solution in terms of its accuracy
to observe the soil salinity parameters.

The proposed solution is designed to address the prob-
lems and issues associated with the existing methods of
salinity mapping at the irrigation scheme level in agriculture.
The proposed IoT-assisted salinity mapping at the irrigation
scheme level is designed to detect salinity hazards in agricul-
ture fields. The proposed solution is unique in its portability
and applicability of salinity mapping at the irrigation scheme
level cost-effectively. The proposed solution is portable to
use in empty as well as crop fields. The proposed solution is
also beneficial for validating reclamation activities and sup-
ports other methods like RS for validation purposes.

Literature review

Many techniques of mapping soil salinity and reclamation
activities have emerged in recent years. The most impor-
tant are chemical analysis of soil samples, Electro-Mag-
netic Induction (EMI) surveys, and Remote Sensing (RS)-
based hyperspectral data analysis techniques. Each of these
approaches has its advantages and issues.

The laboratory-assisted chemical approach is a valid and
accurate method of salinity mapping. Salinity is observed
using the chemical analysis of the soil in laboratories. The
most common approach in chemical analysis is the evapo-
ration of the gravitational approach in which soil solution
is evaporated and remaining solute particles are weighed.
Chemical analysis of soil samples is the most rigorous and
accurate technique of salt measurements in saline soil (Don
Bennett 2021). This technique provides the exact composi-
tion of different salts solutes and their concentration in the
soils. This information is useful to deal with the issue of
soil salinity effectively. However, chemical analysis of soil
sampling is a costly and time-consuming process. For each
sample, chemicals must be used that increase the cost. On
average, it takes fifteen minutes and 2.31 US$ per sample

for a 400-hectare survey using chemical-based soil analy-
sis. Continuous and frequent mapping of the soil salinity is
essential to observe the impact of reclamation activities on
soil salinity. Chemical analysis-based salinity mapping is not
suitable for continuous and frequent soil salinity mapping
due to the cost and time.

Many new technologies also emerge to deal with the
issue by recording different ways of salinity mapping like
RS and EMI. EMI is based on the principle of Induction
to determine the EC of the soil. EMI is used extensively in
agriculture to map soil variability in terms of nutrients and
fertility (Doolittle and Brevik 2014). EMI is also used as a
salinity mapping with reasonable accuracy (Doolittle and
Brevik 2014). EM-3 and EM-4 are popular EMI devices
for mapping soil salinity (Doolittle and Brevik 2014). EMI-
based salinity survey is a fast and quick approach to salinity
mapping for large or small geographical areas. However,
EMI approach requires the expert to map soil salinity. The
initial cost of this equipment is high. The EMI devices are
also susceptible to interference from other devices.

RS-based salinity mapping by hyperspectral data analysis
is a cost-effective method of salinity identification and map-
ping over a large geographical area (Pouladi et al. 2019).
Due to soil salinity, the white crystalline soil surface is the
basis of the reflectance property of the soil to identify the
salinity hazard (Gorji et al. 2017). This technique is called
the direct method of salinity mapping using RS-based hyper-
spectral data. Different types of indices are developed to
identify the salinity from RS hyperspectral data. The crop
and vegetative growth on the soil surface make the direct
method of RS salinity mapping challenging to implement.
Plants in saline soil show retarded growth and yellowish
color. The reflectance property of plants affected by the
salinity is also used as an indirect approach of RS to salinity
identification from hyperspectral data. Hyperspectral data
from RS has emerged as a cost-effective way of quantifying
soil salinity in large geographical areas (Kumar et al. 2015).
Many indices and techniques in different parts of the world
emerge from mapping the salinity by RS-based hyperspec-
tral data (Gorji et al. 2017).

Ajay Singh proposed RS and Geographical Information
System (GIS) assisted salinity mapping at the regional scale
in the irrigated areas (Singh 2018). Clenio et al. (2015) pro-
posed salinity mapping using hyperspectral data from OLI/
Landsat-8. Kumar et al. (2015) developed different indexes
of salinity quantification with hyperspectral data and corre-
lated these indices with EC observation to find the accuracy
of soil salinity quantification. Finally, Doolittle and Brevik
(2014) proposed EMI-assisted salinity mapping.

Jiang and Shu (2019) proposed salinity detection in inner
layers of the soils from 1 to 50 cm using the hyperspectral
remote sensing data. Nastaran Pouladi et al. (Pouladi et al.
2019) recommended vegetation indices for observing soil
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salinity by indirect methods from hyperspectral RS data.
Peng et al. (2017) proposed Cubist and Partial Least Square
Regression (PLSR) models from the EC of the soil salinity.
Qian et al. (2019) developed a linear model of salinity esti-
mation from RS hyperspectral data. Wang et al. (2019) eval-
uated the performance of different machine learning models
to estimate soil salinity from hyperspectral RS data. Shiri
et al. (2017) developed heuristics models to determine the
soil Cation Exchange Capacity (CEC). Blasch et al. (2015)
proposed soil pattern analysis based on hyperspectral data.
Finally, Ivushkin et al. (2018) proposed an Unmanned Aerial
Vehicle (UAV) assisted salinity mapping.

WSN and IoT have an essential role in soil monitoring
for context-aware applications in agriculture. This real-time
soil monitoring provides opportunities to support sustain-
able developments. Many solutions have been proposed in
recent years regarding soil temperature, moisture, and pH
monitoring. Ananthi et al. 2017 recommended monitoring
of soil and irrigation water. The proposed solution senses
the soil temperature and pH to determine irrigation water
accordingly Raut et al (2018). proposed monitoring soil
temperature, humidity, and nutrients for efficient irrigation
water management. Pandithurai et al. 2017 recommended
WSN based soil temperature, humidity, and pH monitor-
ing to recommend irrigation water according to these soil
characteristics. Nocita et al. (2015) proposed cost-effective
soil spectroscopy-based soil monitoring and soil analysis to
reduce the cost associated with soil analysis. Nagaraju and
Chawla (2020) proposed soil temperature, humidity, and pH
monitoring for precise irrigation water recommendations.
Filippi et al. (2018) proposed soil monitoring to assess the
soil's pH to identify the soil's acidification. Harshani et al.
2018 proposed IoT-assisted soil pH level, moisture, tempera-
ture, and humidity monitoring .

Lostowski et al. (2020) proposed IoT bases low pow-
ered module for observing the soil parameters. The pro-
posed solution is based on Low Power Wide Area Network
(LPWAN) to communicate and share data with the server.
Safiyah et al. (2021) proposed EC and PH monitoring in
hydroponics systems to determine the nutrient contents.
Krishna et al. (2020) recommended an industrial multipa-
rameter sensor node to overcome the problems of devel-
oping IoT-based automation systems in water monitoring
applications. Duy et al. (2015) proposed an IoT system for
Irrigation water quality monitoring in aquaculture. The pro-
posed solution continuously monitors the temperature, pH,
and Dissolved Oxygen (DO) of aquaculture ponds. Yasin
et al. (2021) review the role of IoT in the conservation of
freshwater usage in agriculture and home usage. Othaman
et al. (2020) proposed an IoT system to observe the EC in
crop fields to determine the nutrients in the paddy rice field.
The study elaborates the EC relationship to the tempera-
ture in the crop field. Rajesh Kumar Yadav et al. proposed
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irrigation water quality monitoring and the Irrigation Water
Quality Index (WQI) model based on salinity and sodic.
The proposed IWQI is based on the tracking of Na+, Cl—,
EC, HCO 3 —, and SAR (Sodium Absorption Ratio). The
proposed Index helps assess water quality to reduce the cost
and time associated with laboratory-based testing of water
(Gupta et al., 2018).

Nigussie et al. 2020) proposed a resource-efficient IoT
system to monitor the soil, microenvironment conditions,
and water parameters to recommend irrigation water accord-
ing to the prevailing condition. Roux et al. (2019) proposed
Unmanned Aerial Vehicle (UAV) assisted IoT architecture
for environment monitoring. Julien Roux et al. proposed a
low-powered sensor module for observing the soil moisture
and salinity. The proposed sensor is based on capacitive
reading on a cylindrical performance to optimize the contact
surface for minimal time to read. The low-powered sensor is
easy to insert in soil, low energy consumption architecture.
The proposed sensor can easily communicate with Sigfox or
LoRa network. Stithmer et al. (2013) proposed a framework
of modern technologies like IoT for the desalination of the
water. The study explores the possibilities of the application
of IoT to efficiently handle the desalination of water. Yildiz
and Karakus (2020) recommend the water monitoring for the
Sodium Absorption Ratio (SAR), Kelly Index (KI), Perme-
ability Index (PI) Sodium Percentage (Na%), and Irrigation
Water Quality Index to assess the quality of surface water.
The study also evaluates four different surface water quality
assessment models from the observed parameters of water
collected from thirty-two stations. The result concluded
that Artificial Neural networks (ANN) best assess irrigation
water quality from the selected parameters.

Problems of existing approaches

After the comprehensive literature review, it was found out
that the laboratory-based chemicals analysis approach is
accurate but costly and time-consuming (Abou Samra and
Ali 2018). This approach is not suitable for frequent moni-
toring of soil salinity. Electro-EMI is applicable at farmer's
level applications but is very costly to be affordable by the
individual farmers of low-income countries in arid and
semi-arid regions. EMI devices are costly and require expert
knowledge to operate and maintain. Most of the available
EMI devices interfere with agronomic activities. The RS
approach of using the reflectance property of the saline soil
also becomes popular. This approach is suitable for large
geographical area monitoring. RS techniques are suitable for
salinity mapping over a large geographical area. The direct
method of salinity mapping by RS is valid when salts have
appeared at the soil's surface. However, the direct approach
of RS suffers from issues like the presence of salt-tolerant
plants in saline soils and salinity in lower layers of soils.



Applied Water Science (2022) 12:105

Page50f16 105

The indirect approach of RS also faces issues due to the
presence of halophytes and the crop rotation policy of the
farmers. Therefore, both these approaches of RS are not suit-
able for the early detection of salinity hazards. Moreover,
salinity is usually a lower ground phenomenon that is hard to
identify from RS techniques early. Therefore, RS approaches
are only applicable when salinity has appeared at the surface
or in the upper layers of the soil.

The indirect method of salinity mapping by RS is based
on the detection of retarded growth and change in the color
of the plants. The presence of salt-loving plants and crop
rotation policy are also major issues associated with the
accuracy of the indirect method of salinity mapping by
RS. RS techniques are difficult to apply at the irrigation
scheme level. Moreover, the resources and time required for
the existing approaches make them unsuitable for frequent
salinity mapping at the irrigation scheme level. Soil salinity
is a lower ground phenomenon that is hard to identify from
hyperspectral data of RS. Therefore, early detection of salin-
ity hazard development by the RS approach is not feasible.

Material and method

The IoT-assisted salinity quantification and mapping at the
irrigation scheme level are proposed. The architecture of the
proposed solution, the equipment used for the implementa-
tion purpose, and implementations detail is given in this
section. The primary objective of the proposed solution is
to map soil salinity at the irrigation scheme level frequently,
accurately, and cost-effectively.

The proposed solution is beneficial to observe the impacts
of different reclamation activities by frequent observation
of the soil salinity at the farmer level at a low cost. There-
fore, the study aims to propose an architecture of mapping
soil salinity at the farmers' level in agriculture. The study
also implements and evaluates the proposed architecture to
identify the accuracy of the proposed solution in mapping
the soil salinity.

Proposed architecture

Architecture for IoT-assisted salinity mapping is proposed
to map soil salinity from remote areas using the proposed
sensor nodes. The architecture is based on the EC sensor
node, pH sensor node, TDS sensor node, Solid-State Drive
(SSD) card, and gateway node shown in Fig. 1. The soil EC,
pH, TDS, and temperature sensors are attached to a gateway
node microcontroller board. The data from this sensor node
are transferred to the server using the gateway node. The
data at the server are processed and presented to the end-
user in the required formats. The data from the sensor node
are saved on the SSD card as backup and transferred to the
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Fig. 1 The architecture of sensor nodes

server on the availability of the Internet. This architecture
makes the proposed solution interoperable and functional
in remote areas where Internet connectivity is not available.

The proposed architecture enables the mapping of soil
salinity in a portable manner. The proposed solution is light-
weight and can be moved easily from one field to another.
The proposed architecture is portable to move quickly from
one field to another. The raw data from the sensor node has
been transferred to the server. From the server, users can
access the information.

Solid State Drive (SSD) storage plays a significant role in
improving the portability, interoperability, and accessibility
of the proposed solution by making it functional in remote
areas where the Internet is not available. In case of lack of
Internet connectivity, the data are temporarily stored on the
SSD storage. On the availability of Internet connectivity, the
data from the SSD storage are transferred to the server. This
architecture allows the proposed solution to be functional
in remote areas where Internet connectivity is not available.
The implication of SSD improves the accessibility, portabil-
ity, and interoperability of the proposed architecture.

Components of the proposed architecture for salinity
mapping at the irrigation scheme are shown in Fig. 2. The
proposed architecture is designed to map salinity at the irri-
gation scheme level, in an accurate, portable, and cost-effec-
tive manner. The three layers of the architecture are shown
in Fig. 2, with a field sensor layer, data processing layer, and
end-user support layer.

Soil salinity model

The study maps the soil salinity based on the EC, pH, and
TDS in soil solution. The model map salinity based on the
concentration of all salts in soil rather than the concentra-
tion of each salt in the soil. The soil particles and mois-
ture are neutral in nature. Therefore, the ability of the soil
to conduct electricity is only due to the presence of salt
particles in the soil. The more salts particles in the soil,
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Fig.2 Components of IoT
Architecture
Field Sensors

Temperature
Gateway

the more would be the EC and TDS of the soil. EC is the
measure of the total concentration of the total salt particles
in the soils. The EC model of soil salinity is applicable in
nature due to the availability of related sensing technolo-
gies. The EC model of soil salinity is recognized by the
United States Salinity Laboratories (USSL) (Zaman et al.
2018).

The basic unit of EC is the Siemens and Deci-Siemens
per meter (dSm™). EC is affected by temperature (Fern et al.
2017). Soil EC increases at 1.9% with a rise of one degree of
soil temperature. Therefore, the observation of the EC is also
made with the temperature to standardize the EC at 25 °C.
EC observed at different temperatures is converted to inter-
polated EC by temperature coefficient (ft). The interpolated
EC at 25 °C is determined by Eqgs. 1, 2, and 3.

EC,s = F, + EC, (1)
where,
Ft=1—0.20(T) + 0.387% — 0.00557" 2)
where,
T = [Temperature - 25] /100 ?3)

According to the USSL, the soil classification based on
the EC range is shown in Table 2.

The pH is the measure of acidity and alkalinity of the soil.
pH is used to characterize the acidity and alkalinity of the
soil. pH is the measure of hydrogen ion concentration in the
soil. Due to the high concentration of hydrogen ions, the pH
scale is a logarithmic scale of hydrogen ions. For one unit of
pH increase the acidity decrease by a factor of 10.

@ Springer
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Table 2 EC-based Soil classification (undefined FAO and FAO-Food
and Agriculture Organization of the United Nations 2018)

EC (dSm™) Salinity

Class

Impacts on crop

0-2  None

24 Slightly Saline
4-8  Moderately saline
8-16  Strongly saline

Plants are not affected
Sensitive crops affected
Mostly crops affected
Resistant crop survive

>16  Very strongly saline The high resistive crops

grow

pH is a revers scale with high pH means low concen-
tration of hydrogen ions. The acidity increases due to the
presence of hydrogen ion concentration; therefore, the low
pH means more acidity (T. S. of Queensland 2016). The
pH scale ranges from 1 to 14, shown in Fig. 3. The pH
level 1 means the highest level of acidity and 14 means
the highest alkalinity with the lowest level of hydrogen ion
concentration. Mostly the pH of the soils ranges from 3.5
to 10. The soil classification based on pH values is given
in Table 3.

The TDS is the sum of organic and inorganic substances
present in a solution passing through the filters. TDS of a
solution is the measure of the presence of different anions
and cations in the solution. The TDS is measured in milli
gram per liter (mg/l). The higher the TDS value, the more
would be the chance of soil salinity. TDS value of more
than 2000 mg/1 in irrigation water is not suitable for the
crop (Vargas et al. 2018). TDS-based soil characterization
is given in Table 4, with impacts on crop plants.
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Fig.3 pH range in soil (T. S. of Queensland 2016)

Table 3 pH based soil

g . Soil Classification pH level
classification (T. S. of
Queensland 2016) Strongly Acidic <55
Acidic 5.5-6.5
Neutral 6.5-7.5
Alkaline 8.6%
Europe 3.3%

Table 4 TDS-based soil classification

TDS (mgl™!) Salinity Class Impacts on crop

<450 None Plants are not affected
450-2000  Slightly to Moderate Saline Sensitive crops affected
>2000 Severe saline Mostly crops affected

Characteristics of proposed solution

The following are the significant characteristics of the pro-
posed solution.

C. pH Sensor

A. EC Sensor
B. TDS Sensor

SOIL EC SEN:!

Fig.4 Salinity mapping Sensors

1. The proposed solution is cheap compared to the EMI and
RS-based solutions in terms of initial cost and operating
cost.

2. The proposed solution is applicable to map soil salinity
at the irrigation scheme level in agriculture.

3. The proposed solution is portable in nature that can be
quickly moved across the field, without any cost of the
transfer.

4. The data about the soil salinity is stored at one location
that can be accessed by farmers, research organizations,
and regulatory authorities. The IoT helps to keep sam-
pled data at a single database that would be useful for
the soil scientist and other organizations to use data from
a single place.

5. The proposed solution can be used frequently in a cost-
effective manner.

6. The proposed solution can be effectively used for early
detection and quantification of salinity and to observe
the impacts of reclamation activity applied against the
soil salinity.

Implementation details

The equipment used to implement the proposed solution is
the soil EC sensor, pH sensor, and TDS sensor shown in
Fig. 4. These are cheap, commercially available sensors.
These sensors are configured with a NodeMCU as a gate-
way node to transfer data from the sample point to the server
shown in Fig. 5.

The sensed data are displayed and transferred to the
server for further processing, storage, and analysis purpose.
The data from the sensor are received at the server that is
available for decision-making for different stakeholders. The
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Fig.5 Sensor node porotype with sampling in the field

Fig.6 The experiment area with salts appeared on the surface

sensor node with sampling in the field is shown in Fig. 4.
Each sensor node also displays the sensed data on a portable
display, attached to each sensor node.

Evaluations

The proposed solution aims to map the soil salinity at the
irrigation scheme level accurately and cost-effectively. The
accuracy of the proposed solution in soil salinity mapping
is compared against the laboratory-based chemical analysis
method. The laboratory-based chemical analysis is the stand-
ard method for soil salinity quantification. For experiment
purposes, an area of one acre with 207 feet in length and
width is selected, which is severely affected by soil salinity,
shown in Fig. 6. In the experiment area, sixty-four samples
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are observed by both proposed and standard methods to
evaluate the difference in observations by both methods. At
these sixty-four sampling points, the proposed IoT-assisted
salinity mapping and standard laboratory-based chemical
analysis observe the soil EC, pH, and TDS.

The sixty-four sampling points are equally spaced in the
selected experiment area. One sample is taken for the area
of 8 x 8§ feet in length and width. A single sensor would read
the values from each sample point location by moving the
prototype from one sample point to other. The sampling area
depends on the objectives of sampling, the time available,
and the level of salinity in the field. The comparison by the
proposed IoT-assisted salinity mapping against the standard
method is made to determine the accuracy of the proposed
solution to map soil salinity for selected parameters of EC,
pH, and TDS for soil salinity.

Accuracy comparison

Salinity is mapped by three important salinity parameters
that are EC, pH, and TDS. The selected salinity character-
istics EC, pH, and TDS define the soil salinity sufficiently.
The observations of these parameters by the proposed IoT-
assisted salinity mapping and standard methods are com-
pared in the next section.

Accuracy of electric conductivity (EC)

The proposed IoT-assisted salinity mapping shows the EC
observations in the experiment area at sixty-four sampling
points in part “A,” and by the standard method in part “B”
of Fig. 7. It is observed that EC values in the experiment
area are higher on one side of the selected area as compared
to the other directions by both types of observations. The
EC observations by the proposed IoT-assisted salinity map-
ping and standard method show similar values at most of
the sixty-four sample points in the experiment area, shown
in Fig. 7. The Bland—Altman difference plot is used to find
the difference in salinity mapping and quantification by two
methods.

To analyze the difference in observation by two methods,
the Bland—Altman difference plot is drawn in Fig. 8. The
difference in observation of two methods is plotted against
the mean of two observations in Fig. 8.

It is observed that the mean difference between the EC
observation by the proposed IoT-assisted salinity mapping
and the standard method is —0.05 for each sampling point.
Thus, the bias between the two methods for EC observa-
tions is — 0.05 for each sample point. This means that the
proposed IoT-assisted salinity mapping, on average, meas-
ures 0.05 less EC than the standard method of soil salinity
for each sample point observation. Thus, the bias between
the proposed IoT-assisted salinity mapping and the standard
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Salinity observation by proposed Internet of Things (1o1)
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Fig.8 Bland Altman difference plot for EC observations

method is very low. The bias can be used to calibrate the
proposed IoT-assisted salinity mapping by Eq. 4, where EC,
is observed EC, and EC, is the calibrated EC.

EC. =EC,, +0.05 4)

Accuracy of ph observations

The pH observations by the proposed IoT-assisted salinity
mapping are shown in part “A” and by the standard method
of chemical analysis in part “B” of Fig. 9. Both methods
show similar pH observations at most of the sampling points.
Both methods observed the pH in the range of 6-9 at each
of sixty-four sample points in the selected experiment area.

The Bland—Altman plot in Fig. 9, shows the mean differ-
ence in pH observation for sixty-four sample point observa-
tions by both the proposed and standard methods. The mean
difference for the pH observation by the proposed IoT-assisted

Salinity observation by chechical analysis in laboratory
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Fig.9 Bland Altman difference plot for pH observations

salinity mapping and standard method is —0.17. Thus, the
bias between the two methods for pH observation of soil pH.
is—0.17. The bias —0.17 in pH observation, means that the
proposed IoT-assisted salinity mapping, on average, measures
0.17 less pH than the laboratory method of soil salinity for
each sample point observation. Thus, the bias between the pro-
posed IoT-assisted salinity mapping and the standard method
is low for pH observations. The bias can be used to calibrate
the proposed IoT-assisted salinity mapping by Eq. 5, where
pH,, is the observed pH, and pH_ is the calibrated Ph (Fig. 10).

pH, = pH,, +0.17 (5)

Accuracy of TDS observations

The TDS observations by the proposed IoT-assisted salin-
ity mapping are shown in part “A” and by the standard
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pH by Proposed loT Method

Fig. 10 pH observations
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Fig. 11 TDS observations

method of chemical analysis in part “B” of Fig. 11. Both
methods show similar TDS observations at most of the
sample points. The Bland—Altman plot in Fig. 12 shows
the mean difference in TDS observation by both the pro-
posed and standard methods. From Fig. 12, it is observed
that the mean difference for TDS observation by the pro-
posed IoT-assisted salinity mapping and standard method
of soil salinity is — 164.06. The bias of — 164.6 in TDS
observation means that the proposed IoT-assisted salin-
ity mapping, on average, measures 0.164.06 less than the
laboratory method for each of the sixty-four observations.
Thus, the bias between the proposed IoT-assisted salinity
mapping and the standard method is low. The bias is used
to calibrate the proposed IoT-assisted salinity mapping by
Eq. 6, where TDS,, is observed TDS, and TDS, is the
calibrated TDS.

@ Springer
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TDS, = TDS,, + 164.06 6)

Cost comparison

The cost of the proposed solution is compared against the
existing methods of salinity mapping in terms of instal-
lation cost, operational cost, and per unit sampling costs.
The cost of methods is subjective in nature and changes
from one part of the world to other.

The installation cost is a one-time cost that covers the
cost of equipment and related software and accessories.
Commercially available sensors develop the proposed
solution. The installation cost of the proposed solution is
1000 US$, which is low against the other methods. The
installation cost of the proposed solution is much lower
compared to the chemical analysis, EMI devices, and RS-
based solutions that cost very high.

The operational cost is the cost incurred during the
sampling process like the cost of labor and material used
in the sampling process. The operational cost of the pro-
posed solution is 0.2 US$ that is very low as compared to
other solutions. On the other hand, the operational cost of
RS solutions for salinity mapping is very high compared
to the proposed solution.

The cost of sampling per unit area is also compared. As
per the objective of the study to map salinity at the irriga-
tion scheme level, one Hectare (Ha) is taken as the unit of
sampling. The per-unit cost of sampling by proposed solu-
tion is lower than chemical analysis and EMI-based solu-
tions. On the other hand, the per-unit sampling cost of the
proposed solution is higher than the RS-based solutions.
Still, the RS-based solutions are not feasible to be applied
at local irrigation scheme levels due to the inherent nature
of the RS-based solutions at large geographical areas.

The cost of the different salinity mapping solutions is
summarized in Table 5. It is observed that the installa-
tion cost of the chemical analysis, EMI devices, and RS
is much higher than the proposed solution. The opera-
tion cost of these methods for a single sample is also very
high as compared to the proposed solution. In the case of
per unit sampling cost, the RS-based methods are cheap
than the other methods. Although RS-based methods are
cost-effective in the case of per unit sampling cost, these
solutions are not feasible to be applied at irrigation scheme
levels. RS-based solutions aim to map salinity at a large
geographical area in a cost-effective manner. Hence the
proposed solution is cost-effective against the existing
solutions especially in the case of application at the irri-
gation scheme level.

Table 5 Cost comparison of different solutions

Method Installation Operational Per hectare cost
cost (US$/ cost (US $/ (US$)
device) sample)

Chemical 1500 2.31 26.54

analysis

EMI devices 10,970 9.32 1.52

Remote sensing 20,000 1000.0 0.2

Proposed solu- 1000 0.2 1.00

tion

Portability of proposed solution

The weight of the proposed prototype is only 1.2 kg, which
is very easy to move from one sample point to another and
across the field. The prototype's low weight and easy move-
ment across the field make the proposed solution portable
in nature. EMI devices and sampling is costly in term of
required labor to move devices and samples from field to
laboratory.

Analysis and discussion

In this section, a detailed analysis is carried out for the dif-
ference and similarities between the proposed IoT-assisted
salinity mapping and the standard method for salinity
quantification.

The EC observation by proposed and standard method
are compared in Fig. 13. The total number of differences
between the observation at sixty-four sample points by both
methods is given in Table 6. It is observed that at twenty-
two sample points there is no difference in EC observations
by two methods. The absolute difference is only one in EC
observation at thirty-seven sample points by the proposed
IoT-assisted salinity mapping and by standard method. The
maximum absolute difference in EC observation by two
methods is 3 dSm™'. This maximum absolute difference of
3 dSm~! is observed at only two sample points. The EC
value is appraised less by the proposed IoT-assisted salin-
ity mapping against the standard method at sixteen sam-
ple points. At twenty-six sampling points, the EC is highly
appraised by the proposed IoT-assisted salinity mapping as
compared to the standard method. The mean difference for
EC observation between the two methods for each sample
point is —0.05.

The pH observation by the proposed IoT assisted and
standard salinity mapping method are compared in Fig. 13.
The value of pH observation by proposed IoT assisted
salinity mapping at sixty-four sample points is shown
in part “A” and by the standard method in part “B” of
Fig. 14. The difference in pH observations by proposed and

@ Springer



105 Page120f16

Applied Water Science (2022) 12:105

A :EC by Proposed IoT Architecture
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Fig. 13 EC observations by two methods

Table 6 Analysis of EC observations

Number of
sample points

The difference in EC observations

0 22
1 24
2 1
3 1
-1 13
-2 2
-3 1

standard methods at sixty-four sample points is summarized
in Table 7. It is observed that at forty-eight sample points
there is no difference in pH observations by proposed IoT
assisted salinity mapping and by standard method. At fifteen

A : pH by Proposed Method
-9.0

-85
-8.0

75

Length

70

6.5

-6.0

V3 V4 V5 V6 V7 V15
Width

Fig. 14 pH observations by two methods
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Length

B: EC by Chemical Analysis in Laboratory

-12

EC Values

R4 RS
Width

sample points, the absolute difference in pH observation is
only one between the two methods. The maximum difference
in pH observations by two methods is only two, observed
at a single sample point. At twelve sample points, the pH is
appraised high by the proposed IoT-assisted salinity map-
ping compared to the standard method. At three sample
points, the pH is appraised less by the proposed IoT-assisted
salinity mapping. The mean difference in pH observations
by the two methods is —0.17.

The values of TDS observation by proposed IoT assisted
salinity mapping at sixty-four sample point is shown in
part “A” and by the standard method in part “B” of Fig. 15.
TDS is observed in the units of mg/liter. The observed
TDS values are rounded to the nearest five hundred to
simplify the analysis. The difference in TDS observation
by proposed and standard methods at sixty-four sample
points is summarized in Table 8. It is observed that at

B: pH by standard method
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-85

pH Values

V2 V3 V4 V5 V6 V7 V8
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Table 7 Analysis of pH observations

Number of
sample points

The difference in pH observations

0 48
1 12
-1 3
2

forty-four sample points there is no difference in TDS
values by proposed IoT assisted salinity mapping and by
standard method. At only twenty (20) sample points there
is no difference in TDS observation by two methods. The
maximum difference in TDS observation by two methods
is one thousand ppm, observed at a single sample point.

The TDS is appraised higher by the proposed IoT-assisted
salinity mapping than the standard method at two sample
points. The mean difference in TDS observation by two
methods is — 164.06.

Limitation of the study

Present sensing technology limits for the use of EC, pH,
and TDS model of salinity mapping. This model relies
on the total concentrations of salts in soils rather than the
determination of the individual concentration of each salt.
In the future with the development of sensing capabilities
to sense the individual concentration of each salt, the IoT-
assisted salinity would be more interesting and valuable.
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Fig. 15 TDS values by two methods
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Table 8 Analysis of TDS

bs Lo The difference in  Number
observations TDS observations of sample
points
0 44
—-500 19
—1000 1
Conclusion

IoT-assisted salinity mapping at the irrigation scheme level
in the agriculture field is proposed to detect salinity develop-
ments in agriculture fields. The proposed solution charac-
terizes the soil salinity in terms of EC, pH, and TDS quan-
tification. The proposed architecture can map soil salinity
in a portable, cost-effective, and frequent manner. The data
about soil salinity are transferred, stored, and processed at a
server that is easily accessible for different stakeholders. The
proposed solution is accurate in quantification and mapping
of soil salinity by three important salinity parameters of EC,
pH, and TDS, when compared against the standard chemical
analysis approach. Furthermore, the proposed solution can
be used frequently to observe the impacts of any reclama-
tion activity applied against the soil salinity and saline soil
zone management.
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