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Abstract —A common challenge in the implementation of 

Internet of Things (IOT) Wireless Sensor Networks (WSN) is 

that the sensor nodes are known to be power hungry devices. 

The energy stored in the batteries which power up these sensor 

nodes deplete quickly especially when more data is transmitted 

to the cloud or when multiple sensors are attached to a single 

sensor node. In the context of flood and environmental 

monitoring, increasing the number of sensor nodes in a Wireless 

Sensor Network is desirable in order to increase the spatial 

resolution of the data and hence achieve better representation 

about rising water levels and overall water quality in a particular 

city. However, having more sensor nodes in a Wireless Sensor 

Network results in more challenges for the power supply 

management of the overall Wireless Sensor Network. A 

drawback of the sensor nodes which are usually powered by 

Lithium Ion batteries is that there is a limited number of cycles 

in which a battery can be charged and discharged before the 

battery is considered to be fully degraded and therefore methods 

which can lengthen the duration of each charging and 

discharging cycle will be useful to increase the overall battery 

longevity. In this paper, a method which combines solar energy 

harvesting together with a fuzzy logic based algorithm for 

adaptive sampling is proposed in order to achieve a continuous 

source of energy for the sensor nodes and also increase the 

duration between each charging and discharging cycle resulting 

in batteries which can last for a longer duration. The developed 

sensor nodes have been deployed to measure river water levels 

and dissolved oxygen. 

 

Index Terms—Flood monitoring, internet of things, LoRa, 

lithium ion batteries, wireless sensor networks, dissolved 

oxygen 

I. INTRODUCTION 

WSNs consist of multiple sensor nodes that can be 

densely deployed to gather information from large 

geographical areas of interest and these sensor nodes are 

equipped with the ability to transmit data to a cloud, 

enabling the data to be accessible in any part of the   world. 
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Each sensor node is fitted with at least one or more sensors, 

a radio transceiver, a microcontroller, and a power supply 

unit. Although WSNs are an effective means of gathering 

large amounts of valuable environmental data, the required 

energy consumption of these sensor nodes to maintain 

continuous operation is an ongoing challenge [1]–[10]. 

With the further development of cloud computing, grid 

computing and Peer-to-Peer networks and deep learning 

artificial intelligence, the need for WSN has been further 

expanded to a wider variety of applications. One of the 

promising applications of WSNs is for environmental and 

disaster detection systems such as monitoring flood, haze, 

and landslides. The developers of such WSNs would also 

need to ensure that there are no accidental false positive 

triggers in their systems. For flood detection system in 

particular, the easiest parameter that can be monitored to 

detect the flooding is the water level in ponds, rivers or 

drains. Therefore many of the existing flood detection 

systems have used weatherproof, industry grade ultrasonic 

sensor to measure rising water levels as an indicator to 

detect the flood [11]–[14]. The location of the WSN is 

crucial to collect information about an impending flood. It 

is preferable to place WSNs in ponds which accumulate 

water rather than in rivers or drains with flowing water 

[15]. In addition there needs to be a lead time of at least 

one hour in order for a flood detection system to be useful. 

Other than the measurement of rising water levels with 

ultrasonic sensors, other water level monitoring methods 

which have been previously used for detecting impeding 

floods involved measuring the rising water flow rate levels 

at the coastal areas. When the flow rate is higher than a 

threshold flow rate, this indicates the likelihood of flooding 

to occur [16]. In addition to detection of flooding itself, 

dissolved oxygen measurements can provide some cues 

about the health hazards posed by the flood such as the 

degree of contamination of the water in the flooded areas. 

Therefore, in this study we have dedicated one sensor node 

for the measurement of rising water levels and a second 

sensor node to measure Dissolved Oxygen levels in a river. 

Currently one of the most successful flood monitoring 

projects in the world is the Oxford Flood Network which is 

a collaborative effort between Nominet UK and 
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ThingsInnovations. The Oxford Flood Network project 

addresses the limited spatial resolution of the water level 

data provided by the Environmental Agency in Oxford by 

enabling more water level sensors to be installed on 

bridges, culverts and floorboards throughout the city of 

Oxford through full utilization of LPWAN open source 

sensor designs and crowdsensing efforts, consequenctly 

leading to higher spatial resolution of the data. Overall 

visualization of rising water levels and flooding throughot 

Oxford can be achieved in real time. 

The Google Flood Forecasting Initiative is another flood 

monitoring effort which is based on Deep Neural Networks 

and has proven to have the capability for detecting floods 

in India and Bangladesh with a longer lead time, enabling 

earlier evacuations and more coordinated rescue efforts. 

The primary objective of the forecasting algorithm is to 

determine whether the water levels in a river are expected 

to overflow. Hydrologic models were developed such that 

the input are precipitation and gauge measurements at 

selected points along the river and the corresponding 

output will be future values of the river water levels, 

especially in regions which are prone to flooding. 

In this paper, we present a method to lengthen the 

battery life of the sensor nodes in a Wireless Sensor 

Network by combining the usage of solar energy 

harvesting together with adaptive sampling using fuzzy 

logics. This proposed method reduces the number of 

charging and discharging cycles of the battery for a 

particular period, subsequently reducing the battery 

degradation over time and resulting in longer lasting 

batteries A dedicated circuit is designed for each of these 

sensor nodes which consists of solar energy harvesting, 

boost converters, an Arduino microcontroller attached to a 

LoRa communication module, sensors and trickle charge 

power management ICs. Fuzzy logics is then incorporated 

into the Arduino code to achieve adaptive sampling to 

minimize energy usage. Experiments are then conducted to 

test the battery life while data is being sent to the cloud and 

visualized using a Losant dashboard. The overall system is 

then commissioned to measure water levels and dissolved 

oxygen levels in a pond. 

II. CIRCUIT DESIGN 

 The circuit which has been designed for the WSN is 

shown in Appendix 1. Two of these circuits were 

fabricated. The first circuit was used in the sensor node 

dedicated for water level measurement and the second 

circuit was used in the sensor node dedicated for 

Dissolved Oxygen measurements. The circuit can be 

divided into four subcomponents, namely the power 

supply, sensor circuit, communication module and finally 

the energy harvesting circuit. Three 18650 3800mAH, 3.7 

volt Lithium Ion rechargable batteries are connected in 

parallel, resulting to a total 11400mAH capacity while 

maintaining the overall voltage rating to be 3.7 volts. This 

is to ensure that the sensor node doesn’t lose power too 

soon, while not having too large of a capacity to recharge. 

An MT3608 DC-DC step up voltage converter is used to 

bring up the 3.7 V from the Lithium Ion batteries to a 

regulated 5V in order to power up the Arduino Nano and 

all other modules. In theory the MT3608 DC-DC step up 

voltage converter has the capability to boost voltages as 

low as 2 volts up to 24 volts. A HC-SR04 ultrasonic 

sensor was connected the Arduino Nano on the first 

sensor node while a SEN0237-A dissolved oxygen sensor 

was connected to the Arduino Nano on the second sensor 

node. 

The circuit allows a solar panel or a mini hydro turbine 

to be used as a renewable energy source to provide 

sufficient voltage and current to power uo the sensor node. 

The solar panel has a a rating of 6V and 3W. The energy 

obtained from either the solar panel or mini hydroturbine 

input will be fed as input into the TP4056 Lithium Ion 

Battery charging module. The TP4056 Lithium Ion 

Battery charging module can handle an input voltage 

range between 4V to 8V which can come from either the 

solar panel or mini hydrturbine and can provide up to 

4.2V and 1A output to charge the Li- ion batteries. This 

module has a trickle charging feature such that when the 

battery charge is almost full, the charging will slow down 

in order to maintain the health of the Lithium Ion 

batteries. The charging current of the Lithium Ion battery 

is controlled by the TP4056 Lithium Ion Battery charging 

module. Lithium batteries are hazardous when 

overcharged and therefore the TP4056 is useful to 

prevent overcharging by stopping the charging by 

bringing down the charging current to 0A when specific 

voltage conditions have been reached. The INA219 

power monitor IC by Texas Instruments is used for 

measuring the voltage and current of the individual 

energy sources, which will be used as input for the 

adaptive sampling algorithm. An NPN 2N2222 bipolar 

junction transistor being a current controlled device is 

used as a switch, triggered by the Arduino nano digital 

pins to either connect or disconnect the energy harvesting 

circuit to the power circuit hence enabling or disabling 

the charging of the Lithium Ion batteries. The charging 

current enters the collector of this NPN transistor. The 

Arduino Nano digital pin is connected to the base of this 

NPN transistor. The emitter is connected to the positive 

terminal of the battery. The INA219 module is used to 

measure the battery voltage level, which is another input 

for the adaptive sampling algorithm using fuzzy logic 

which will be described in further sections. The Arduino 

Nano uses an ATmega 328P Integrated Circuit by Atmel 

Corporation. The sensors which are used to measure 

turbidity, dissolved oxygen and also water levels are 

interfaced to the ATmega 328P IC which is part of the 

Arduino Nano board. 

A. Wireless Data Transmission U   sing LoRa 

LoRa which has been developed by Semtech is a Low-

Power Wide Area Network (LPWAN) modulation 

technique using spread spectrum modulation based on 

chirp spread spectrum technology. In this study we have 
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used the LoRa RA-02 SX1278 433MHz LoRa 

communication module as shown in Fig. 1. The module 

has the advantage of allowing data to be transmitted at a 

longer range using a lower power consumption as 

compared to other wireless data transmission such as 

Zigbee. A star network topology was used, which 

consists of two sensor nodes and one gateway. 

 

Fig. 1. LoRa communication module 

III.  SOFTWARE DEVELOPMENT 

Several conditions were implemented on both sensor 

nodes through the programs uploaded on the Arduino 

Nano. Charging will only be activated if the battery 

voltage drops below 3.7 volts. If the battery voltage 

reaches 4.0 volts the charging will be disabled. The digital 

pin D3 on the Arduino Nano wil send a trigger to the base 

of the 2N2222 transistor bipolar junction transistor to send 

a command signal to the INA 219 and enable the charging 

of the Li Ion battery using energy harvested from a solar 

panel. The battery voltage is continuously monitored by 

using an INA 219 which conveys data to the Arduino Nano 

through SPI communication module addresses namely 

0x40, 0x41 and 0x44. All the VCC pins of the INA 219 

were connected to a common 5V power supply and the 

modules were programmed to operate in low power mode 

when not in use to minimize power usage. All variables are 

declared as floats. This data is stored locally on the 

gateway and sent to Losant in a JSON formatted string. 

 
Fig. 2. Losant dashboard 

Losant is an IOT cloud service which can be utilized to 

receive data from wireless sensor nodes. Data can be stored, 

visualized and analyzed by using the relevant features in 

Losant. Fig. 2 shows a section of the Losant Dashboard 

which indicates the real time battery voltage and also water 

levels sent from the first sensor node. 

An algorithm which implements adaptive sampling is 

developed which makes use of fuzzy logic in order to 

determine the optimal sampling rate of the sensor in order 

to lengthen the battery discharg-ing rate. The inputs of this 

fuzzy logic algorithm are the battery voltage level and the 

charging current level respectively. The output of this 

fuzzy logic algorithm is the sampling rate used by the 

sensor nodes. The sampling rate will be adjusted according 

to the available voltage levels of the battery and the 

charging current. Higher voltage levels of the battery and 

charging current allow a higher sampling rate to be used 

and subsequenctly more data being sent to the cloud 

compared to when the voltage levels and charging current 

are low since in this case the energy needs to be conserved 

to keep the sensor node working.The membership 

functions representing the two inputs and output are 

presented in Fig. 3, Fig. 4 and Fig. 5 respectively. Table I 

is a summary of the various conditions of inputs and 

outputs for this fuzzy logic algorithm. 

 
Fig. 3. Membership function for battery voltage 

 
Fig. 4. Membership function for charging current 

The Embedded Fuzzy Logic Library (eFLL) has been 

used to implement this fuzzy logic algorithm on the 

Arduino Nano. Although Single Board Computers such as 

NVDIA Jetson Nano and Rasberri Pi are capable of 
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performing machine learning methods very efficiently, our 

primary objective in this study was to minimize power 

consumption of the sensor nodes and therefore the 

Arduino Nano was used as the microcontroller for both 

sensor nodes. 

For both the ultrasonic and dissolved oxygen sensors, an 

internal delay is used such that upon powering up the 

sensor, data is only collected and transmitted after a 100 

milisecond time delay. The sensor node as well as each 

sensors have its own response time and incorporating a 

time delay is necessary to accomodate the time lag before 

the sensor begins to yield accurate readings. 

 
Fig. 5. Membership function for sampling period 

TABLE I: FUZZY LOGIC RULES 

Battery 

Voltage 
Charging Current Frequency of 

Data 

Transmission 
  

Low Low Low 

Low High Low 

Medium Low Medium 

Medium High Medium 

High Low Medium 

High High High 

IV.  EXPERIMENTAL RESULTS 

Fig. 6 shows the charging and discharging of the set of 

three 18650 3800mAH, 3.7 volt Lithium Ion rechargable 

batteries placed in parallel which was used to power up 

Sensor Node 1 throughout a 7 day period. During this 7 

day period the battery had been fully charged up to 4 

volts three times and discharged to 3.7 volts three times 

as shown in the peaks and trough of the graph in Fig 6. 

Monitoring the charge and discharge cycle is essential 

since for Lithium Ion batteries from the very first charge 

and discharge cycle the capacity of the battery will be 

subjected degradation over time. Athough the battery 

voltage rating is 3.7 volts it should be noted that this 

battery can be charged to greater than 4 volts. Throughout 

this experiment the voltage level of this battery is always 

kept between 3.7 volts to 4 volts. Fig. 7 shows the battery 

charging current throughout a 7 day period. Fig. 8 shows 

the variation of the sampling period or the time interval 

between two subsequent data transmissions from the 

sensor node throughout a 7 day period. Sensor node 2 has 

similar characteristics and therefore the charging 

characteristics for sensor node 2 is omitted for brevity. 

 
Fig. 6. Charging and discharging of the battery for a 7 day duration 

 
Fig. 7. Charging current for a 7 day duration 

 
Fig. 8. Sampling Period for a 7 day duration 

The initial voltage level for this Lithium Ion parallel 

battery combination as shown in Fig. 6 was 4 volts and 

the charging current was zero as shown in Fig. 7 since at 

this initial starting point charging is deactivated and no 

battery charging is taking place. The initial sampling 

period was 200 seconds as shown in Fig. 8. This means 

that the time interval between two subsequent data 

transmissions was 200 seconds. During this time interval, 

the sensor node will be operating in the low power mode 

to minimize energy consumption. 200 seconds is 
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categorized as a medium sampling period duration 

according to the fuzzy logic algorithm which has been 

developed and this is represented in the membership 

function shown in Fig. 5. As the Sensor Node 1 was 

turned on and water level data was being transmitted, the 

battery voltage gradually dropped down to 3.8 volts as 

shown in Fig. 6. During this time the sampling period is 

600 seconds which means that the time interval between 

two data transmissions to Losant is 600 seconds. This is 

the lowest frequency of data transmission since at this 

point both the battery voltage and charging current are 

low and therefore the low frequency of data transmission 

will lengthen the discharging rate of the battery. 

As soon as the battery voltage had dropped down to 

3.75 volts, charging of the battery begins and the 

charging current is at its maximum at 220mA as shown in 

Fig. 7. During this time the sampling period is 60 seconds 

as shown in Fig. 8 which implies that the heighest 

frequency of data transmission occurs during this period. 

The combination of a high battery voltage and a high 

charging current enables having this high frequency of 

data transmission. The battery will still continue to be 

discharged to 3.7 volts even though the charging process 

has started. The battery charging continues until the 

battery becomes fully charged at 4 volts as shown in Fig. 

6. During the battery charging from 3.7 volts to 4 volts, 

the charging current had dropped from 220mA to 120 mA 

and finally down to 0mA as shown in Fig. 7 which 

indicates that charging has been halted when the battery 

voltage has reached 4 volts. This cycle then continues. 

The interdependence between the battery voltage, 

charging current and sampling rate during a 7 day period 

is shown in the multi axis plot in Fig. 9 which shows a 

combination of the information presented in Fig. 6, Fig. 7 

and Fig. 8 in a single graph. 

 
Fig. 9. Multiple axis plot showing interdependence between battery 

voltage, charging current and sampling period during a 7 day duration 

During the overall 30 day period the battery had been 

fully charged 10 times as shown in the peaks and trough 

of the graph in Fig. 10. The variation of the charging 

current and also sampling rate of the data transmission for 

a duration of 30 days are shown in Fig. 11 and Fig. 12 

respectively. The interdependence between battery 

voltage, charging current and sampling rate during the 30 

day period is shown in the multi axis plot in Fig. 13 

which shows a combination of the information presented 

in Fig. 10, Fig. 11 and Fig. 12 in a single graph 

 
Fig. 10. Charging and discharging of the battery for a 30 day duration 

 
Fig. 11. Charging current for a 30 day duration 

 
Fig. 12. Sampling period for a 30 day duration 

Table II shows a comparison between the number of 

charging and discharging cycles between the proposed 

fuzzy logic based adaptive sampling method with the 
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standard method of data transmission to the cloud with a 

fixed sampling period in which the data is transmitted to 

the cloud every 60 seconds. In this experiment it had been 

proven that although by using the proposed method fewer 

samples of data were transmitted to the cloud, the results 

of hydrological parameter monitoring was still reliable as 

will be described in the following section. By using the 

proposed method the number of charging and discharging 

cycles has been reduced and at the same time the sensor 

nodes are utilizing the availability of solar energy in the 

Malaysian climate. 

 
Fig. 13. Multiple axis plot showing interdependence between battery 

voltage, charging current and sampling period during a 30 day duration 

TABLE II: COMPARISON BETWEEN NO. OF CHARGING AND 

DISCHARGING CYCLES BETWEEN PROPOSED METHOD AND THE FIXED 

SAMPLING RATE METHOD 

No. of 

Days 

No. of Charging and 

Discharging Cycles 

(Proposed Method) 

No. of Charging and 

Discharging Cycles 

(Fixed Sampling Rate) 

7 3 6 

10 4 8 

20 8 16 

30 10 25 

V.  LORA NETWORK RANGE 

Prior to commissioning, the LoRa network has been 

tested within the International Islamic University 

Malaysia campus. The gateway has been placed inside 

the Control Systems Laboratory located at the 3rd floor of 

the E0 building at the faculty of Engineering. The 

gateway is placed in front of a window which has been 

deliberately left open for better reception of data coming 

from both the sensor nodes. 

Fig. 14 shows the range of areas which are covered by 

the LoRa network used in this study. The first sensor 

node placement was fixed under a bridge at a location 

500 meters away from the gateway, while the initial 

location of the mobile second sensor node was 450 

meters away from the gateway. Although LoRa is capable 

of transmitting data to long ranges, the presence of 

obstacles such as trees, terrain and buildings between the 

gateway and sensor nodes may affect the range of data 

transmission. It was observed that when the first and 

second sensor nodes were located 600 meters away from 

the gateway, the data packets sent began to drop. In 

addition if the gateway was placed inside a building and 

away from windows the coverage of the LoRa network 

would have been further reduced. A spring antenna 

operating at a frequency of 433 Hz and a gain of 3dBi 

had been used in this study. Utilizing antennas with more 

superior characteristics may also increase the LoRa 

network coverage. 

 
Fig. 14. Range for the coverage of the LoRa Network within the 

university campus 

VI.   REAL TIME MONITORING USING FIXED AND MOBILE 

SENSOR NODES 

Fig. 15 shows the internal view of the sensor node. The 

sensor node has a height of 8 cm, width of 5cm and 

length of 12 cm. This dimension is necessary to 

accommodate all the sensors, batteries, LoRa module and 

other electronic components within the weather-proof 

enclosure. A solar panel with a 6V and 3 Watt rating is 

placed on top of the sensor node. A smaller version of the 

sensor node can be achieved by designing a smaller 

printed circuit board with surface mount components 

instead of dual in line package components. 

 
Fig. 15. Internal view of sensor node placed inside weather-proof 

container 

Fig. 16 shows the fixed sensor node which contains a 

HC-SR04 ultrasonic sensor that is mounted underneath a 

bridge to monitor the water levels of the river. Fig. 17 

shows the data collected from the fixed sensor node with 
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real time monitoring of increasing and decreasing water 

levels in the river for a period of 3 days in which heavy 

rain which had significantly raised river water levels had 

occcured twice as shown in the peaks of the graph. The 

water level is measured relative to the river base level. 

The initial variation in the river water level with respect 

to the river base level is between 1 to 1.3 meters. A total 

of 830 samples of data were transmitted to Losant each 

day. Initially the first 500 samples of data showed that the 

water levels were fluctuating only between 1 to 1.3 

meters relative to the river base level which indicates that 

either no rain had occured or only drizzling rain had 

occured. The next 200 samples of water level readings 

reached beyond 1.3 meters relative to the river base level 

since during this period. heavy rain had occured. The 

water levels had then returned to the 1 to 1.3 meters range 

relative to the river base after the rain had stopped and the 

water had subsided. A second incidence of rain had 

occured the following day. 

 
Fig. 16. Placement of sensor node underneath a bridge for river water 

level monitoring 

 
Fig. 17. Variation in river water levels - 3 day period 

Monitoring the levels of Dissolved Oxygen in the river 

is particularly useful during and immediately after 

flooding to determine if the river water has been 

contaminated by sewage, industrial and farming waste 

[17]. In addition Dissolved Oxygen measurements are 

one of the best indicators for the survival of aquatic life 

[18]–[23]. Fig. 18 shows the second sensor node which 

contains a Dissolved Oxygen sensor placed on a sensor 

buoy. The buoy can be moved around to float in different 

regions of the river and therefore functions as a mobile 

sensor node. 

 
Fig. 18. Sensor buoy for dissolved oxygen measurements 

 
Fig. 19. Dissolved oxygen measurements from floating sensor buoy 

Dissolved Oxygen levels are the heighest during the 

morning and afternoon since photosyntesis depends on 

sunlight. On the contrary Dissolved Oxygen levels are the 

lowest at night due to the absence of sunlight and 

photosynthesis [24]. In natural freshwater systems such 

as rivers, lakes and streams, the depth of the water is also 

a contributing factor to the Dissolved Oxygen levels. 

Aquatic life require between 5-6 ppm of Dissolved 

Oxygen levels. Dissolved Oxygen levels below 3ppm are 

no longer suitable for aquatic life 

Fig. 19 shows the Dissolved Oxygen levels measured 

using the moblile sensor node. The sensor node was 

placed on a buoy and allowed to float to different regions 

witihin the lake. The Dissolved Oxygen values range 

from 5.2 ppm to 5.8 ppm which indicates that the 

Dissolved Oxygen levels in this lake are suitable for 

aquatic life. 
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VII.    CONCLUSION 

In this study a method is proposed to preserve the 

battery life of the batteries used in the sensor nodes of a 

LoRa based WSN. This method consists of a combination 

of harvesting solar energy from the surroundings and also 

using a fuzzy logic algorithm for optimizing the 

frequency of data transmission to the cloud and hence 

reducing the number of charging and discharging cycles 

of the battery. Experiments were carried out to test the 

battery operation throughout a 30 day duration. The 

developed sensor nodes were deployed in a river to 

collect real time and reliable water level and dissolved 

oxygen data which is useful for flood monitoring. 
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APPENDIX A 

 
Fig. 20. Complete circuit schematic of the sensor nodes 
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