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Abstract: At present, due to their geographical distribution, environmental conditions and traditional
monitoring technologies, the manual inspection of brine pumps in Qinghai Saline Lake can not be
effectively carried out in real time, so the pumps have a high failure rate. This has seriously affected
the chemical production of this saline lake. The paper designed a remote real-time monitoring
terminal and a decision support system based on LoRa technology, GPRS (General Packet Radio
Services) remote communication technology and remote-control technology. The system integrated
the liquid-level sensing model and the decision support model for brine pump management.
The system monitored and analyzed the voltage, current, and liquid-level parameters in real time
to determine the operating status or failure of the brine pump. The ID3 (Iterative Dichotomiser 3)
method was used to establish the correlation models between the dynamic monitoring information
and the brine pump failure, which is the core of the decision support model. The remote controller
was implemented to display and control the running status of the brine pumps when the maintenance
personnel received the warning information. PHP (Hypertext Preprocessor) language and a MySQL
database were implemented to realize the data display, management and decision support system.

Keywords: salt lake brine mining; LoRa wireless sensor network; remote real time monitoring;
decision support model; remote control

1. Introduction

Salt lake resources, as an important part of China’s mineral resources, contain rich inorganic salt
resources, which are formed from liquid minerals in the unique natural geographical environment. There
are more than 100 salt lakes in Qinghai province, which is the largest salt lake resource in China. It has been
reported that Qinghai would promote salt lake resources development as part of a national strategy. Most
Qinghai salt lake resources are located in Qaidam Basin, affected by the storage conditions of underground
brine, water physical properties, hydraulic characteristics and distribution, and the mining area is vast and
the brine pumps are disperse [1,2]. According to the burial characteristics of the underground brine and
the water-rich level of the aquifer, salt lake chemical enterprises realize the large-scale exploitation and
utilization of the underground brine by adopting well-mining technology [3].

The brine pump is responsible for extracting the underground brine from the brine well to the surface
and is scattered throughout various mining areas, which increases the difficulty of the daily management
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of brine pumps. At present, the monitoring and failure response of the brine pumps in Qinghai Saline Lake
chemical industry depends on manual inspection. Enterprises send jeeps and patrol workers every day to
inspect the operation of brine pumps in various mining areas. Because the brine pumps are installed below
the ground, it is difficult for the inspection workers to judge whether they are blocked by salt crystals,
because the brine level is insufficient with naked eyes. Even if the patrol workers find the brine pump to be
faulty, they can only deal with small faults. Those brine pumps that cannot be repaired immediately, should
stop at once. This traditional manual monitoring method is constrained by the geographical environment,
climate and production cost of the mining area. Therefore, it does not involve real-time and accurate
monitoring. This disadvantage causes brine pump damage and great losses to the production enterprises.
Therefore, the saline lake chemical industry requires urgently a set of automated and intelligent systems to
manage brine pumps, reduce the failure rate and improve production efficiency.

A monitoring system for industry is always one of the main requirements. Especially for the brine
mining industry, the monitoring system is an indispensable part. The background of this paper is a special
project case that is rare among research papers. Pedro Morillo proposed a monitoring system for meal
distribution based on a wireless sensor network (WSN) and the Internet of Things (IoT) [4]. Xiaofan
Jiang presented a monitoring system for pharmaceutical lyophilization based on radio frequency (RF)
technology [5]. Farihah Shariff implemented a monitoring system for grid-connected photovoltaics based on
Zigbee technology [6]. Matteo Cerchecci designed a monitoring system for waste management by a LoRa
low power wide area network (LPWAN) [7]. Jose Ignacio Suarez developed a monitoring system for air
quality based on Bluetooth and smartphones [8]. Tao Wang introduced a monitoring system for transformer
fault diagnosis based on radio-frequency identification (RFID) tags [9]. These monitoring systems all chose
wireless technology for data transmission. The comparison of the monitoring systems is in Table 1.

Table 1. Comparison of main wireless-technology and applications about monitoring systems.

Application Wireless-Tech Distance Advantage Disadvantage Literature

Meal distribution trolleys WSN * + IOT *: IEEE
* 802.15.4 <100 m Real-Time, Compared

WSN and IoT Temperature only [4]

Pharmaceutical
Lyophilization RF *: nRF52832 <1 m Multi-point sensors’

measurement Close range transmission [5]

Grid-connected
photovoltaic Zigbee: SKXBEE 10~75 m Web-based Robustness of the system [6]

Waste Management LoRa LPWAN *:
SX1272 >1000 m Energy efficient solution Power consumption [7]

Air quality Bluetooth: RN42VX <10 m Miniaturized
gas-sensing Close range transmission [8]

Transformer Fault
Diagnosis RFID *: VISN-V3 <100 m Stacked denoising

autoencoder Close range transmission [9]

* WSN: Wireless Sensor Network; IoT: Internet of Things; IEEE: Institute of Electrical and Electronics Engineers; RF:
Radio Frequency; LoRa LPWAN: LoRa Low Power Wide Area Network; RFID: Radio-Frequency Identification.

This paper also designs a decision support system for the salt lake production. Such a decision
support system has applications in industry with successful results, as shown in Table 2. El Hassan
developed an expert classification system by fuzzy rules, which can simulate human reasoning [10].
Marina proposed an intelligent system of image annotation based on fuzzy knowledge, which can
deal with fuzzy knowledge and an image with the concept of different abstraction, which is more
like a human [11]. Adel Sabry proposed an innovative combination method by the ID3 (Iterative
Dichotomiser 3) algorithm together with the bee algorithm (BA) to choose the best subset of intrusion
detection system features [12]. Mario proposed a traffic light dynamic control system, which works
in parallel with fuzzy controllers by combining traffic monitoring in real time of the IEEE (Institute
of Electrical and Electronics Engineers) 802.15.4 network [13]. Costea described a fuzzy-knowledge
control system architecture for cement pulverization used fuzzy control strategies to regulate feed [14].
According to fuzzy set theory and a minimum–maximum combination, Petrović proposed a technical
system fault risk assessment model [15].
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Table 2. Comparison of methods, applications and advantages about decision support systems.

Methods Application Advantage Disadvantage Literature Studies

A fuzzy rule-based expert
classification system

Automatic classification of
seismic events

Making the classifier more
transparent and adjustable

The multi-parameter
optimization problem [10]

A fuzzy knowledge-based
intelligent system

Automatic image
annotation

Enriched with new, more
general and abstract

concepts

Cannot be immediately
used for new applications

or domains
[11]

A selection model based
on ID3 * and bees

algorithm
Intrusion detection system

Higher values of DR * and
AR * and lower values of

FAR *

Searching the most
efficient possible location [12]

Multiple fuzzy logic
controllers

Dynamic traffic lights
management

Better performance,
fault-tolerance

The WSN * node power
consumption [13]

A system architecture
based on fuzzy logic Cement milling Changing within range:

40–60%
Only simulated using
a MATLAB-Simulink [14]

The fuzzy logic theory and
traditional RPN *

application
Mining equipment failure

The possibility to operate
imprecise and insufficient

data

Replacement time and
downtime of the conveyor [15]

* ID3: Iterative Dichotomiser 3; DR: Detection Rate; AR: Accuracy Rate; FAR: False Alarm Rate; WSN: Wireless
Sensor Network; RPN: Risk Priority Number method.

This paper combines sensor technology, LoRa wireless sensor network technology, and GPRS
(General Packet Radio Services) remote communication technology, and uses PHP (Hypertext
Preprocessor) language and MySQL database to design a set of automated decision support systems for
salt lake production. The system uses voltage, current and brine level inquired by sensors to establish
a data classification model to determine the fault status of brine pumps. Moreover, the remote control
function of the brine pump is realized by installing a remote controller in the distribution cabinet,
which can send control commands via mobile phone and web browser. These can improve the accuracy
of brine pumps and real-time monitoring data, reduce the risk of production, and save manpower costs.

The rest part is described as follows. First, Section 2 is about the system functional/technology
requirements and system architecture design. Then it is implemented by information transmission,
information acquisition and data classification models, respectively, in Section 3. Section 4 is for the
tests, evaluation and performance of this system. Section 5 is for conclusions.

2. System Requirements Analysis and Architecture Design

This section analyzes existing problems of a salt lake chemical enterprise to clarify the
goal, function and technology demand in the process of constructing a decision support
system, which designs the overall architecture, functional structure and central database of the
automated system.

2.1. Decision Support System Requirements Analysis

2.1.1. Field Observation and Interview

A field observation and an interview were conducted for brine mining in West Taijinar Saline
Lake Resources Company, which is a famous saline lake chemical enterprise in Qinghai province.
The interviews were conducted face-to-face with 5 production managers and 10 inspection workers
over 7 days. All of the interviewees have over 3 years of working experience in the company. Each
interview lasted for around 40 min, and interviewees were asked a series of questions about monitoring
demands and functional requirements:

• What kind of monitoring equipment is used in the enterprise, which monitoring method is
adopted, which parameters are monitored and what is the monitoring period?

• Whether the existing monitoring parameters can fully characterize the operation status of the brine
pump, whether there is a new monitoring requirement for the brine pump, and which parameters
should be added with the existing parameters to describe the operation status of these brine pumps.
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• How do maintenance workers judge whether the brine pump is faulty or not, and how do they
deal with the fault when the failure occurs?

• What kind of equipment is used to record dynamic monitoring data, static information,
maintenance information and fault information?

• Where the enterprise intends to install the remote monitoring equipment and the number of items
of equipment installed.

2.1.2. System Functional Requirements

From the field observation, the key problems in current production management and future needs
are extracted and summarized as shown in Table 3. These key problems often caused the occurrence of
brine pump failures that affected the production and economic benefits of the chemical industry.

Table 3. Existing problems and system requirements of salt lake chemical enterprises.

Existing Problems Future System Requirements Hierarchy of Needs

The manual inspection method is used to monitor
the dynamic information of the brine pump,
which has low efficiency and high human cost.

Automatic collection of dynamic information for
the brine wells. Information acquisition

Brine pumps are large in number (more than 300)
and scattered in distribution (the distance between
pumps is about 500 m), the desert environment is
sandy, there is strong sun exposure and big diurnal
temperature difference, and so the implementation of
traditional monitoring methods is difficult.

Combined with long-range wireless
communication technology to achieve acquisition
and transmission of dynamic information.

Information transmission

There is no management information system to
manage the data produced during the operation of
the brine pumps and the production process of the
chemical enterprises. The enterprise records the data
by manual means, and it is easy to lead to errors due
to the large amount of data and non-standard data.

Design and development decision support system
to realize the management and maintenance of
data such as static information, dynamic
monitoring data of the brine pump, fault repair and
mining status of the mining area.

Information
management

There is no decision model to judge the operation
status of brine equipment meaning users cannot
identify and predict brine pump operating status.

The voltage, current and brine level of the
equipment can be intelligently analyzed,
which provides decision support for the analysis
and judgment of the brine pump.

Data mining and
decision support

As there are large distances, when the brine
equipment fails maintenance workers cannot rush to
the scene troubleshooting but can only rely on
manual inspection periodically.

Using remote-control technology, through the
mobile phone or Web browser to realize remote
control of a pumping station and brine equipment.

Remote control

2.1.3. System Technical Requirements

As the underground brine is in the supersaturated state, the agitation and temperature change
of brine will lead to corrosion and crystallization in the contact area between the liquid-level sensor
and brine. Therefore, the liquid-level sensor needs to avoid direct contact with the brine in the
measurement process; if it is unavoidable that it will contact directly with the brine, it is necessary
to adopt anti-corrosion materials or take protective measures to ensure the normal operation of the
liquid-level sensor. At present, common level measurement methods are divided into contact and
non-contact: contact types including differential pressures, input type, etc. and non-contact types
including laser, radar and so on. As shown in Table 4, the basic parameters of some common contact
and non-contact level sensors are compared.

Table 4. Contact and non-contact liquid level sensors.

Measurement Method Species Range Accuracy Beam Angle Brine Level
Calculation Method

Non-contact
Laser sensor 0–30 m ±3 mm —

h = h fRadar sensor 1.5–40 m ±1 mm 4◦

Ultrasonic sensors 0.9–40 m ±1 mm 6◦

Contact Pressure Sensor 0–50 m 2 cm — h = Lj − hj
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The distribution structure and power supply characteristics of the brine wells are very consistent with
the long-distance star topology of the LoRa network. That is, brine wells are distributed along a straight
brine drainage which transports the brine mined by brine pumps to the brine storage tank. There are
also a number of straight brine drainages distributed in the range of 10 km in an east–west span, 20 km
from the north–south span, and there is no obscurity in the range of sight distance, and the interval
between the brine wells is about 500 m. This means that the range of data transmission is at least 600 m for
good operations. According to Table 1, that is why LoRa is chosen for data transmission. Furthermore,
module SX1278 matches the technical requirements of sensors according to Table 5. The sink node uses
STC12C5A60S2 as the micro controller because it matches the technical requirements of SX1278 according
to Table 6. The maximum throughput that a single device can achieve is 37.5 bytes according to the
datasheet [7]. Although the system is designed for so-called “real-time” monitoring, the actual latency
constraints are somewhat flexible. For this purpose, select the 5-s latency time (from sensing to sending) as
the actual timing constraint. Longer delays will provide greater flexibility in communication scheduling
and power management opportunities. Its power source is provided by the far-end power plant in the
factory. The 10 kV high-voltage electric power plant is transported to the near-end step-down transformer
of the brine by the large distance. After being converted to 380 V AC, it is sent to the distribution room and
assigned to the nearest three brine wells.

Table 5. Module SX1278 technical requirements for sensors [16].

Parameter Minimum Settings Recommended Settings SX1278 Match

Range 600 m(Rural) 1000 m (Rural) 15,000 m (Rural)
√

Data Rate 2 kbps 10 kpbs 0.3–37.5 kbps
√

Band 433 MHz 433 MHz 433 MHz
√

Payload Length 12 bytes 16 bytes 64 bytes
√

AES 128 bits AES decryption in software Secure Element 2 AES decryption in software
√

Table 6. Module MCU technical requirements for SX1278 [16,17].

Parameter Minimum Settings Recommended Settings STC12C5A60S2 Match

MCU * RAM * 8 KB 16 KB 16 K (Expandable)
√

MCU Flash 128 KB 256 KB 128 KB (Expandable)
√

AES * 128 bits AES decryption in software Secure Element 2 AES decryption in software
√

Radio DIO *s connected to
MCU IRQ * inputs DIO0, DIO1, DIO2 DIO0, DIO1, DIO2, DIO3 DIO0, DIO1, DIO2

√

SPI * (4 wires: SCK *, MOSI *, MISO *, NSS *) Mandatory
√

RTC * (32.768 kHz XTAL *) Recommended for accurate
time keeping

Mandatory for Class B
nodes and FUODA *

Recommended for accurate
time keeping

√

IEEE * EUI *-64 (OUI *: 24 or 30 bits, SN *: 40 or 34 bits) Mandatory
√

* MCU: Microcontroller unit; RAM: Random-access memory; AES: Advanced Encryption Standard; DIO: Digital
in and out; IRQ: Interrupt request; SPI: Serial Peripheral Interface; SCK: Serial Clock; MOSI: SPI Bus Master
Output/Slave Input; MISO: SPI Bus Master Input/Slave Output; NSS: Slave select; RTC: Real-Time Clock; XTAL:
External Crystal Oscillator; FUODA: Firmware Upgrade Over The Air; IEEE: Institute of Electrical and Electronics
Engineers; EUI: Extended Unique Identifier; OUI: Organizationally Unique Identifier; SN: Serial Number.

Therefore, according to the characteristics of the aforementioned brine mining area, as shown
in Figure 1, the monitoring system architecture is defined, and three brine wells and their adjacent
distribution room are defined in the form of star topology to construct wireless sensor networks.
Among them, the sensor nodes are responsible for collecting the operational information of brine
pumps, which are deployed in three brine wells respectively and powered by solar cells. The gateway
node is then deployed in the nearest distribution room, which can be powered by the power distribution
cabinet to realize the two-way data forwarding service between the LoRa network and the network
server. The network server is responsible for MAC (Medium Access Control) layer processing,
including sensor node online activation, adaptive rate selection, gateway management and MAC layer
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mode loading [18]; the application server mainly solves the problem of information data processing
and service provision. The dynamic monitoring information from the network server is transferred
into the decision support system for processing. The system can provide a wealth of services for all
types of users through a variety of equipment, such as application status display, real-time warnings,
and so on. Correspondingly, the working levels of the terminal nodes, the gateway, the network server
and the application server on the LoRa hierarchical communication protocol are presented respectively.
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2.2. Decision Support System Architecture Design

According to the analysis of the system requirements, the B/S mode (short for Web browser-Web server
-database server) distribution structure is used to design the overall structure of the decision support system.
This model simplifies the development, maintenance and the system by centralizing the core of system
functions to the server. It mainly includes a data acquisition layer, data layer, application layer and UI (User
Interface) layer, which is for displaying the fixed information of the pump station, dynamic monitoring
information of the pump station, remote control and the running status prediction of the pumping station,
and providing auxiliary decision for the automation and efficient operation of the pump station.

2.2.1. System Overall Architecture Design

This paper designs a decision support system which is based on a hierarchical structure, adopts
software architecture, carries on the function level abstraction, establishes the frame model and technology,
which can improve the stability, flexibility and robustness of the software system. Data warehouse (DW
or DWH), a system for reporting and data analysis for brine pumps, is considered a core component of
the decision support system. The model database is a template database that can be used as a template
for building a database. It contains the basic objects, such as system tables, view tables, login information,
and more. An algorithm library stores the core algorithm model of the decision support system. The central
database (CDB) is a database that is located, stored, and maintained in a single location that is typically
a central computer, such as a large server computer. The expert database contains data from questionnaire
surveys of experts in the field. The knowledge base mainly stores knowledge rules about the failure of the
brine pumps. Figure 2 shows the overall design architecture of this system.
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2.2.2. System Functional Structure Design

The automated and decision support system based on IOT for the salt lake production is a platform
for the management of salt lake automation decision management [19–22], and the functional framework
of the decision support system is shown in Figure 3. It is composed of four subsystems: the pump station
static information subsystem, pump station dynamic monitoring subsystem, remote control management
subsystem, and pump station running state prediction subsystem. In this application system platform,
the basic information of the pump station can be stored and queried, the operation status of brine pump
can be analyzed and judged, and the running status of the brine pump can be controlled.

• Pump station static information subsystem: this includes the type of pump station, the location
and the equipment in the pump station, such as the location of the brine wells and well depth,
brine pump and mixed flow pump nameplate, downhole depth, manufacturers and purchase
prices, etc.

• Pump station dynamic monitoring subsystem: this is responsible for collecting, transmitting,
storing and processing information of the brine pump running status (voltage, current and liquid
level of the brine well equipment) in the pump station, and entering the meteorological and
geological information in the mining area.

• Remote-control management subsystem: this is in charge of remotely controlling and inquiring
about the running status of the brine equipment. According to the early warning information
received from the decision support system, staff can realize the control function of the brine
equipment through two ways, mobile phone or Web browser.

• Pump station running state prediction subsystem: this provides monitoring data, fault
information, basic information and other decision-making information for the management of the
enterprise at all levels, in order to quickly and scientifically make appropriate decision-making
programs. According to the operation status information (voltage, current and liquid level),
the subsystem can carry out the early warning, which includes the system early warning and the
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SMS (Short Message Service) warning to ensure that the warning information can be conveyed
to the brine equipment maintenance personnel and management personnel. Among them,
the system early warning is connected with the server in the web browser to pop up in the dialog
box to notify the watch and management personnel; the SMS warning is through an SMS message
in time to send early warning information to the early warning contact. After the user logs in
to the system, they can set the early warning strategy, the early warning retransmission time,
the alarm contact address book, and so on [23,24].
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2.2.3. System Center Database Design

In the process of database design, we not only consider the system data requirements, but also the
characteristics of the information of the brine mining production site and how to meet the management
information system needs. Therefore, the following two points need to be considered: (1) information
requirements: the user wants to get the information from the database content and their nature,
which can decide what data is stored in the database [25]; (2) processing requirements: the user’s
requirement for processing functions, response time, and processing methods.

The system entity includes user rights, pump station maintenance information, pump station
fault information, pump station static information, control equipment, data acquisition equipment,
equipment warning information, equipment control information, pumping station monitoring
information and plant meteorological information, combined with the functional requirements of the
decision support system for salt lake production; the database is shown in Figure 4.
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3. Key Models of the Decision Support System

3.1. Measurement Model of Dynamic Liquid Level in Brine Well

For the salt lake chemical enterprise in Qinghai, the brine pumps and the mixed flow pumps
are the key equipment for collecting and transporting raw brine. The running state stability of brine
pumps has great influence on the production of the potash. In the brine mining process, a brine pump
becomes damaged because staff do not discover in a timely manner that the liquid level in brine well
is lower than the intake of brine pump, which interrupts production and causes human workload and
economic loss. So it is critically important to measure and detect the liquid level in time and accurately.
According to brine level monitoring requirements and application characteristics, this paper uses
pressure sensors to monitor the brine level.

The Wheastone bridge is responsible for sensing the brine pressure in the brine well and
converting the pressure signal into a weak voltage signal to supply the signal conditioning circuit.
The pressure sensor is made based on the piezoresistive effect of monocrystalline silicon for using
impurity diffusion or an ion implantation method to form a force-sensitive resistor that is connected to
the Wheatstone bridge, as shown in Figure 5 [26].
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(1) Dynamic model of pressure sensor sensitive bridge. The Wheastone bridge consists of 4 force
sensitive resistors R1, R2, R3 and R4, where R2 and R4 have positive piezoresistive coefficients, and R1

and R3 have negative piezoresistive coefficients [27]. Compared with the constant voltage source
power supply, the output of constant current source power supply has nothing to do with temperature.
Therefore, when using a constant current source power supply, the bridge output is:

V2 −V1 =
R2R4 − R1R3

R1 + R2 + R3 + R4
× I0 (1)

(2) Weak signal amplification model. Before the analog-to-digital converter samples the electrical
signal from the sensitive bridge, the weak analog voltage signal must be amplified and filtered by
a signal conditioning circuit so that the analog quantity is suitable for the voltage conversion range of
the analog-to-digital converter. As shown in Figure 5, the signal amplifying circuit adopts a differential
amplifier circuit with high input impedance, A1 and A2 are two in-phase operational amplifiers,
and are then connected with the differential operational amplifier A3 in series to form a 3-amplifier
differential amplifier circuit. The relative resistance in the circuit is strictly symmetrical. The model of
a weak signal circuit amplification is shown below:

Vout = (V2 −V1)(R5 + R6 + R7)/R6 (2)

(3) Mathematical model of analog digital conversion. The analog-to-digital converters are used
for converting the 1~5 V analog voltage signal into a digital quantity of 0~2000 proportional to it, as the
output supply to the microprocessor. Take the VREF reference voltage, n bit precision analog-to-digital
converter as an example. When the output data is increased by one, the analog input variable Vout is
VREF/2n, and when the analog input is Vout, the formula for calculating the output data x is as follows:

x =
Vout

VREF
× 2n (3)

(4) Response output of pressure sensor. After the analog–digital conversion circuit, the pressure
sensor output digital signal data range is 0~2000, corresponding to its range 0~FS (this paper selects
the full range of the sensor 250 KPa). When the output data is x, the sensor pressure output is:

P =
x

2000
× 250 (4)

The pressure of the sensor is given by P = ρgh + P0. When the sensor is fed into the brine,
the hydraulic pressure is introduced into the positive pressure chamber of the sensor. P is the brine
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hydraulic pressure. The atmospheric pressure P0 in the air is connected with the negative pressure
chamber of the sensor through the cable airway to cancel the P0 on the front of the sensor so that the
pressure of the sensor is ρgh. With the combination of (4), the measured value of the pressure sensor
can be expressed as:

h =
x

2000 × 250
ρg

(5)

where, h is the depth of the pressure sensor in brine. ρ is the brine liquid density. g is the local gravity
acceleration. The altitude in the Ge ermu region is about 2800 m, which has little acceleration when it
comes to gravity. Therefore, the approximate value of g usually takes 9.8 m/s2.

3.2. Decision Model of Brine Pump Operation Condition

The operation status of a brine pump (fault state and normal running state) can be characterized by
voltage, current and brine level, so that a data classification method is needed to establish a classification
model for the above 3 categories of data and their descriptive attributes. Then, the classification model
can be used to classify the data of the operation status of the brine pump, to identify and predict the
operation status of the brine pump and to release the warning information to the saline lake chemical
enterprise. At present, there are many theories and techniques for data classification, such as the
naive Bayesian classification, support vector machine, rough set classification algorithm, decision tree,
and so on. Therefore, the decision tree which is based on the ID3 algorithm is advantageous for having
no need to master the application domain knowledge or parameter setting, has simple principles,
suitable for dealing with large-scale learning problems, and is easy to transform into classification
rules, which is more suitable for classifying the dynamic monitoring data of the brine pump [28,29].

3.2.1. Decision Model Architecture Based on Iterative Dichotomiser 3

The ID3 decision tree algorithm includes the master algorithm and the contribution algorithm,
and combining the fault analysis of brine pumps, the establishment process of the fault prediction
model of brine pumps based on the ID3 algorithm is shown in Figure 6. The running state training
sampling set of brine pumps is composed of a subset of the normal operation state (positive example
set) and a subset of the failure running state (negative example set), which are expressed as PE and
NE, and their subsets PE’, NE’ and PE”, NE”, respectively.
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The ID3 algorithm constructs a decision tree for the current window, and the decision tree is built
as follows:

(1) Calculate the mutual information (information gain) of each description attribute for the positive
example set and negative example set [30]. The calculation method is shown in Table 7.
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Table 7. Mutual information of description attribute calculation method.

Category Calculation Formula Description

Information entropy (unconditional
entropy)

E(C) = −
u
∑

i=1
p(ci)log2 p(ci)

The information entropy reflects the uncertainty of
category attribute C

Conditional entropy E(C, Ak) = −
v
∑

j=1

sj
n

(
−

u
∑

i=1

sij
sj

log2
sij
sj

) The conditional entropy represents the classification
ability of the category attribute C for the training

data set S in the case of the known description
attribute Ak

Mutual information (information gain) G(C, Ak) = E(C)− E(C, Ak)
Mutual information is used to measure the extent to

which attribute attributes are reduced

Note: p(ci) =
si
n represents the probability that the attribute class ci appears.

Assume that the training sample set is the relational data table S that contains n tuples and m
+ 1 attributes, whereby A1, A2, . . . , Am are the description attribute or condition attribute, and C
is the category attribute. The category attribute C has u different values whose range is (c1, c2,
. . . , cu). In the relation table S, the number of tuples whose category attribute is ci (1 ≤ i ≤ u) is si.
For the description attribute Ak (1 ≤ k ≤ m), the number of different values of it is v whose range is
(a1, a2, . . . , av). When the description attribute Ak is aj (1 ≤ j ≤ v), the number of tuples is sj, so that in
the sub-region where Ak is aj, when the class attribute C is ci, the number of tuples is sij.

(2) Select the maximum mutual information of description attribute Ak as the root node of the tree
(or subtree).

(3) Divide tuples that take the same value at the description attribute Ak into the same subset,
and take that value as a branch of this root node. The number of subsets equals the number
of branches.

(4) Recursive call contribution algorithm for the above subsets.
(5) If the subset contains only positive or counter-examples, the corresponding branch is marked P

or N.
(6) Repeat step (5) to check the unprocessed subset one by one until all subsets have marked the

category (P or N).

3.2.2. Construction of Decision Tree Using Iterative Dichotomiser 3

Table 8 shows a set of training samples for the running status of the brine pump, where the
14 tuples are used as windows to derive the classification decision tree from the ID3 (Iterative
Dichotomiser 3) algorithm.

Table 8. Brine pump running status-training sample set S.

Attribute Value Description Attribute Category Attribute

No. Current Voltage Brine Level Failure

1 Low Medium Low P
2 Low Medium Medium N
3 Low Medium High N
4 Low High Medium N
5 Medium Low Low P
6 Medium Low Medium P
7 Medium Medium Low P
8 Medium Medium High N
9 Medium High Low P

10 Medium High Medium N
11 High Low Low P
12 High Low High P
13 High Medium Medium P
14 High Medium High P
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Since the attribute value of the ID3 algorithm is discrete and the current, voltage and brine level
are continuous, it is necessary to discretize the attribute value by data transformation. The description
attribute categories and its discretization rules are as follows:

• Description attribute 1: current, low (Less than 0.8 times the rating value I); medium (0.8 times
the rating value ~1.2 times the rating value I); high (Greater than 1.2 times the rating value I).

• Description attribute 2: voltage, low (Less than −10% of the rated value U); medium (−10% of
the rated value U ~10% of the rated value U); high (Greater than 10% of rated value U).

• Description attribute 3: brine level, low (less than 2 m); medium (2 m~5 m) high (higher than 5 m).

The decision tree for fault classification of the brine pump can then be built, which is described in
Figure 7.
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3.2.3. Extract Classification Rules from Decision Tree

In order to establish a rule-based classifier, it is necessary to extract a set of rules to identify the
key relationships between the description attribute and the category attribute in the data set. In this
paper, an indirect method is used to extract the classification rules from the classification model of the
running state of the brine pump. An IF-THEN classification rule can be created for each path from the
root node to the leaf node, that is, one of the rules (the IF part) is formed along each path, each internal
attribute-value pair (internal node-branch pair) item is formed, and the leaf node is formed after the
rule (THEN part). For the status decision tree of a brine pump in Figure 7, it can be converted to the
following IF-THEN classification rules, as shown in Table 9.

Table 9. Classification rules for brine pump failure.

No. Antecedent of Rules Consequent of Rules

1 IF the Current is “low” AND the Brine level is “low” THEN the failure is “P”
2 IF the Current is “low” AND the Brine level is “medium” THEN the failure is “N”
3 IF the Current is “low” AND the Brine level is “high” THEN the failure is “N”
4 IF the Current is “medium” AND the Brine level is “low” THEN the failure is “P”
5 IF the Current is “medium” AND the Brine level is “high” THEN the failure is “N”
6 IF Current = “high” THEN the failure is “P”

4. System Implementation, Test Evaluation and Discussion

This section mainly tests and evaluates the automated and decision support system based on IOT
for salt lake production. A wireless sensor network adopts STC12LE5A60S2 as a microcontroller and
LoRa wireless transceiver module as a radio front-end to complete the implementation of the wirless
hardware and software of the acquisition node and gateway node [31,32].
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4.1. System Implementation

4.1.1. Realization of Information Acquisition and Transmission

The composition of the wireless sensor nodes of the low-power network includes the micro-control
unit STC12LE5A60S2 which shows the advantages of high-speed, low power consumption and high
anti-jamming, LoRa RF front-end with long range wireless single hop communication, a dynamic
information acquisition sensor (voltage, current and liquid level), and a solar power supply unit [33–35].

The sink node uses STC12C5A60S2 as the micro controller, and the LoRa wireless communication
module as the RF front-end, as shown in Figure 8. In the implementation of the access network
part, the GPRS module of the GPRS232-7S2 model is used as the gateway of the LoRa network,
which is communicated with the microcontroller through the UART (universal asynchronous
receiver/transmitter) port [36,37]. A power distribution room is responsible for the power supply of
three adjacent brine pumps, and from the middle of the brine pump closer. Therefore, the gateway can
be deployed in the distribution room, through the distribution cabinet to provide a constant power
supply [38].
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4.1.2. Realization of the Decision Support System Software

The user of the brine pump static information management interface, as shown in Figure 9, can
see the all the brine pump data of the current system, including equipment ID, equipment number,
equipment category, affiliated companies, production companies, installation location and other basic
information, and the equipment nameplate information.
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results from the figure indicate that the system could display accurate brine level monitoring 
information. Furthermore, it could provide more effective safety guarantee for the brine pumps 
against the no-load operation. 
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In the dynamic monitoring interface, as shown in Figure 10, the user can view the dynamic
curve and real-time data list of the brine pumps to monitor the current, voltage and brine level of the
brine pumps.
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4.2. System Test and Evaluation

The decision support system based on IOT for brine pump management was tested and evaluated
in West Taijinar Saline Lake Resources Company located in Qaidam Basin, Qinghai Province. In view of
the actual deployment environment and system requirements of wireless sensor networks, the testing
content included a communication coverage test of sensor nodes, a link quality test, and a reliability
test of information acquisition and the transmission link.

4.2.1. Sensor Measurement Test

Figure 11 shows the results of the pressure sensor measurements. Three brine wells numbered 74,
75 and 79 were measured with the initial brine level of 6.37 m, 6.20 m and 1.88 m, respectively, and the
height of the water surface is indicated clearly by the curve. As can be seen, from 9 to 12 o’clock in the
morning, there is a clear drop in brine level, which is the same as field research. The results from the
figure indicate that the system could display accurate brine level monitoring information. Furthermore,
it could provide more effective safety guarantee for the brine pumps against the no-load operation.
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4.2.2. Reliability Test of Communication Link

Test scenario 1: Communication distance under the condition of constant transmit power
Considering that this is a new technology, although there are many technical extensions about

LoRa, there is no practical experience in the use and effectiveness of this technology. The evaluation
scheme is used as a practice exercise to familiarize LoRa with performance and reliability in a typical
environment. The link-quality indicator (LQI) and RSSI are typically applied for measuring the quality
of wireless links during the network operation. Since the LQI is calculated from the original RSSI,
by linearly adjusting between the minimum and maximum defined RF power levels of the radio,
the RSSI was measured to research how it affected the physical layer of the LoRa wireless network and
how it is affected by the well-mining conditions [39,40].

In the paper, the wireless communication module with LoRa technology was used to test the
coverage, and field tests were carried out to verify whether LoRa long-distance wireless communication
performance meets the demand of communication distance in the brine mining area. A total of
14 different communication distances (50 m, 100 m, 150 m, . . . 650 m, 700 m) were set up to test the
node packet loss rate and RSSI. The packet length was 20 bytes, the data volume was 300 frames,
and the transmission period was 5 s. In order to make the test scene as close as possible to the actual
installation, the sensor node was fixed on the device 1 m high from the ground.

As shown in Figure 12, the test results showed that the received signal strength decreased with the
increase of communication distance, and the packet loss rate was increasing, which was consistent with
other scholars’ test and evaluation of LoRa wireless communication technology performance [34,41],
although a different application environment will have different effects on link quality and packet
loss rate. From the test results, the wireless sensor network based on LoRa technology can realize
the reliability of communication in the harsh climate of the brine mining field and meet the practical
application requirements.
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Test scenario 2: Effect of transmitting power on link quality under communication distance
Because of the harsh environment (temperature difference and sandstorm) in the salt lake, the path

loss of the communication channel is easily affected by the change of the surrounding environment
when the communication distance is constant. The electromagnetic wave emitted by the sensor node
is attenuated rapidly in the transmission process, and the gateway node cannot detect the signal
wave and the decoded signal correctly when the signal intensity is reduced to below the receiver
sensitivity, which results in a decrease in signal-to-noise ratio and an increase in packet loss rate.
However, the wireless communication module with LoRa is a long-distance single-hop link, and there
is no possibility of using multi-hop communication to generate longer links to improve the strength
of the received signal. Therefore, the LoRa sensor node can adopt appropriate transmission power
to improve the communication capacity of the LoRa network, which enable the gateway node to
receive enough signal strength and ensure good reception quality when the channel environment
deteriorates [31].

In the paper, the wireless communication module with LoRa is tested in 7 different transmission
power to verify the influence of transmission power on link quality (the packet loss rate and RSSI of
the sensor node) in the brine mining area. The packet length is 20 bytes, the data volume is 300 frames,
and the transmission period is 5 s. In order to make the test scene as close as possible to the actual
installation, the sensor node is fixed on the device 1 m high from the ground.

As shown in Figure 13, the test results show that as the node transmission power increases,
the received signal strength tends to rise and the packet loss rate decreases. However, the higher the
transmit power, the greater the power consumption of the node and the more the interference with
other nodes in the environment. Therefore, the transmit power should be reduced as far as possible
under the condition of satisfying the reliability of the communication.
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Test scenario 3: Reliability test of communication link based on LoRa and GPRS
The reliability of wireless links from sensor nodes to the server is evaluated by measuring the

packet loss rate of the LoRa network within 30 days at the brine mines [41]. First, the sensor node
transmits a 20-byte packet with a fixed transmission power of 15 dBm at a transmission interval of
60 s. Then, the GPRS gateway forwards data received from the sensor node to the server. Furthermore,
during the evaluation, the sensor nodes did not request a confirmation message from the network
service, nor did it use any mechanism to send the lost packet.

As shown in Figure 14, the packet loss rate of the communication link based on LoRa and GPRS
fluctuates with time, and the quality of the channel varies greatly with different weather conditions.
When windless or wind speed is small, the packet loss rate is 5%; but when the wind speed increases,
the packet loss rate increases to 12.4%.
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4.2.3. System Assessment Results

The use and technical performance of the system before and after implementation was evaluated,
and the results are shown in Table 10. By inviting corporate managers and operators to participate
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in the system evaluation, we discussed the system performance and formed a consensus on how to
develop the system to improve the efficiency of salt lake brine production management [42].

Table 10. Functional analysis before and after the implementation of the system.

Function Before the Project After the Project

Voltage monitoring Manual inspection Automated monitoring
Current monitoring Manual inspection Automated monitoring

Brine level monitoring Manual inspection Automated monitoring
Static information management Paper record and manual input management information service

Fault discrimination Manual inspection Decision support
Fault warning Null Real-time warning
Fault response Manual inspection Remote control

This research compares and analyzes the statistical data of brine pump failures before the
implementation of the system (from July to October 2016) and after the implementation of the system
(from July to October 2017). We cooperated with the factory workers to make sure that the brine pumps
worked as usual after system implementation. Table 11 lists the number of failures and causes of the
brine pump before and after the implementation of the system, respectively. Notice from Table 11, after
the system is implemented, that through the comprehensive analysis of voltage, current and liquid
level, the system can provide early warning of brine pump failure, and the number of burned down
brine pumps is obviously reduced. However, because the ID3 algorithm based on the classification
model is over-fitting, a small number of brine pumps were still burned.

Table 11. Fault analysis of brine pump before and after system implementation.

Date Total Number of Failures Causes of Failure and Number of Faults Repair Results

25 July 2016–24 August 2016 12

No-load: 5
Electric leakage: 1

Impeller crystallization: 5
Non-full-phase: 1

Repair: 8 Burn out: 4

25 August 2016–24 September 2016 13
No-load: 5

low voltage: 4
Impeller crystallization: 4

Repair: 9 Burn out: 4

25 September 2016–24 October 2016 12
No-load: 6

Non-full-phase: 1
Impeller crystallization: 5

Repair: 7 Burn out: 5

25 July 2017–24 August 2017 6
No-load: 2

Impeller crystallization: 2
low voltage: 2

Repair: 4 Burn out: 2

25 August 2017–24 September 2017 7

No-load: 3
Impeller crystallization: 1

Electric leakage: 2
Non-full-phase: 1

Repair: 4 Burn out: 3

25 September 2017–24 October 2017 6
No-load: 2

Impeller crystallization: 3
Non-full-phase: 1

Repair: 4 Burn out: 2

5. Conclusions

For solving the problems of a lack of timeliness, slow fault response, high failure rate and high
maintenance cost caused by manual inspection methods through a combination of sensor technology,
LoRa wireless sensor network technology, and GPRS remote communication technology, this paper
has proposed a decision support system through real-time monitoring. Using the PHP language and
MySQL database technology, this research also has implemented the decision support system for salt
lake production with the function of information management and fault diagnosis of brine pumps.
The main conclusions of this research are as follows:

In the aspect of brine level acquisition, this paper designed a piezoresistive sensor with
anti-corrosion characteristics. The signal response and processing models of the pressure sensor were
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established according to four aspects: signal acquisition, signal amplification, A/D (Analog-to-Digital)
conversion and output response. At the same time, the static response characteristics of the pressure
sensors were calibrated to improve the measurement accuracy and temperature stability of the
liquid-level sensors.

Distinguishing whether the brine pump is at fault or not, this research establishes a data
classification model by adopting the ID3 algorithm for the dynamic monitoring data of brine pumps.
The key link between the description attribute of the dynamic monitoring data and the failure category
of the brine pump is identified by the classification rule extracted from the decision tree classification
model, which provides the corresponding decision for the early warning of the brine pump. This
improves the equipment maintenance department’s decision-making ability to improve the inspection
efficiency of equipment, and reduce the failure rate and loss rate of the brine pumps.

The system was tested in a brine mining area for one month to verify the communication link
reliability of LoRa sensor nodes and LoRa WAN wireless networks in a typical environment. The test
results show that the wireless sensor network based on LoRa can provide a complete and accurate
dynamic monitoring information of the brine pumps. It provides more effective safety guarantees for
the management of brine pumps and fully meets the needs of the system.
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