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Abstract

:

In wireless sensor network-based water pipeline monitoring (WWPM) systems, a vital requirement emerges: the achievement of low energy consumption. This primary goal arises from the fundamental necessity to ensure the sustained operability of sensor nodes over extended durations, all without the need for frequent battery replacement. Given that sensor nodes in such applications are typically battery-powered and often physically inaccessible, maximizing energy efficiency by minimizing unnecessary energy consumption is of vital importance. This paper presents an experimental study that investigates the impact of a hybrid technique, incorporating distributed computing, hierarchical sensing, and duty cycling, on the energy consumption of a sensor node in prolonging the lifespan of a WWPM system. A custom sensor node is designed using the ESP32 MCU and nRF24L01+ transceiver. Hierarchical sensing is implemented through the use of LSM9DS1 and ADXL344 accelerometers, distributed computing through the implementation of a distributed Kalman filter, and duty cycling through the implementation of interrupt-enabled sleep/wakeup functionality. The experimental results reveal that combining distributed computing, hierarchical sensing and duty cycling reduces energy consumption by a factor of eight compared to the lone implementation of distributed computing.
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1. Introduction


1.1. Green Wireless Sensor Networks


A Wireless Sensor Network (WSN) consists of several embedded nodes with sensing, processing, and wireless communications capabilities, distributed over an area of interest to monitor physical or environmental conditions [1]. The sensor nodes in WSNs serve as the backbone of the Internet of Things (IoT), where they act as data collection modules (perception layer) of IoT applications. They are the low-end devices of IoT [2]. Being spatially distributed systems, WSNs exploit wireless communication as the means of communication between nodes. This makes them effective for a myriad of applications such as geographical monitoring, habitat monitoring, transportation, military systems, business processes, structural health monitoring, microclimate research, medical care and many others [3]. Kandris et al. [4], in an up-to-date survey on the applications of WSN, classified the applications of WSN into six main categories (military, environmental, health, flora and fauna, industrial, and urban) based on the nature of their use. One of the urban applications of WSN is its use in monitoring water distribution networks, resulting in systems referred to as wireless sensor network-based water pipeline monitoring (WWPM) systems [5]. WWPM systems are greatly needed, especially in developing countries where the amount of non-revenue water (NRW), mostly caused by leakages on the Water Distribution Network (WDN), sometimes exceed more than 70% of the total NRW [6,7].



In large-scale WSN applications exemplified by WWPM systems, a vital requirement prominently emerges: the attainment of low energy consumption. This requirement arises from the fundamental necessity to ensure the sustained operability of sensor nodes over extended durations, all without the requirement for frequent battery replacement. It is worth noting that the sensor nodes employed in such applications typically rely on battery power and are frequently situated in locations that are physically challenging to access [8]. This gives rise to the exigency for what is commonly referred to as “Green Wireless Sensor Networks” (GWSNs) [9], where the major concern is to maximize energy efficiency by reducing unnecessary energy consumption and minimizing environmental impact. A green WSN, by definition, is one that adeptly reduces its aggregate energy utilization, thereby prolonging the operational lifespan and enhancing the performance of the network, all while concomitantly mitigating its carbon footprint.




1.2. Energy Management Techniques for Extending WSN Lifetime


As earlier stated, energy efficiency is a critical aspect in most WSN applications because of the energy constrain of sensor nodes and the need to prolong WSN lifetime. Yetgin et al. [10] provide several different definitions of network lifetime depending on the specific application, the objective function and the network topology considered. However, we will stick to the definition of network lifetime as being the total amount of time during which the WSN is capable of effectively performing its functions and meeting up with the application’s requirements. In that light, a WSN composed of battery-powered sensor nodes without energy harvesting capabilities is considered dead when it is unable to forward any data to the base station [11]. The lifetime for such WSNs is constrained by the battery of the individual sensor nodes in the WSN [12]. Thus, the critical issues to be considered when maximizing WSN lifetime are how to reduce the energy consumption of the nodes or how to replenish their energy sources in an efficient and realistic way [12,13]. The quest to prolong WSN lifetime has in recent years led to a plethora of energy management techniques in the literature. The techniques can be broadly classified as energy conservation techniques (data-driven and duty cycling) [9], energy balancing techniques (energy-efficient routing protocols and mobile sink) [14], energy harvesting techniques (solar, vibration, RF, wind and thermal) [15] and associated predictive energy management approaches [16]. In this paper, we focus on energy conservation techniques.



Conserving the energy of sensor nodes requires a compromise between various activities at both the node and network levels [11,17,18,19]. This can be accomplished by implementing energy-efficient protocols that are aimed at minimizing the energy consumption during network activities and/or implementing power management schemes that involve switching off node components that are not temporarily needed. The reason is that a large amount of energy is consumed by node components (CPU, radio, sensor, etc.) even in the idle mode [12]. The techniques for minimizing energy consumption at the node level include duty cycling techniques (radio optimization, sleep/wake-up schemes, dynamic voltage frequency scaling), and data-driven approaches (data compression, data aggregation, data prediction, hierarchical sensing, adaptive sampling, and model-based active sensing) [12,13,20]. A detailed review and a commonly adopted taxonomy of energy conservation strategies used for preserving WSN lifetime is presented in [12,13,17,18,19,20].



Duty cycling techniques reduce the sensor node’s energy consumption by turning off the sensor node’s hardware components when they are not needed and waking them up whenever necessary [21]. This establishes a small duty cycle for the nodes based on events occurring in the monitored environment [22]. Thus, techniques based on duty cycling rely on the fact that active nodes do not need to keep their radios, processor, and sensing devices continuously on. According to the survey by Anastasi et al. [12], duty cycling is achieved by two complementary approaches, with one approach taking advantage of the redundancy in WSNs by adaptively selecting only a minimum subset of nodes to remain active for maintaining connectivity, while the other approach ensures that active nodes do not maintain their radio and sensors continuously on by constantly switching them off (i.e., put it in the low-power sleep mode) when there is no network activity. The authors termed the former topology control and the latter power management.



Data-driven techniques can be classified into either data reduction or energy-efficient data acquisition schemes depending the problem they address [12,23,24]. The data reduction schemes on the one hand are primarily involved in reducing the number of data transmissions and the amount of data transmitted, as data moves from the sensor nodes to the base station. Energy-efficient data acquisition schemes, on the other hand, are involved in reducing the energy spent by the sensing subsystem by typically reducing the number of samples generated by the sensors.



The data reduction data-driven schemes are performed via in-network processing within the WSN. In-network processing involves distributed computing, requiring the processing of data as it travels via the WSN to the sink. It involves actions such as fusion and aggregation on the data as it moves within the WSN from one sensor node to another. This reduces the number of redundant data that needs to transmitted. Popular in-network processing techniques in the literature include techniques such as data aggregation, data compression, and data prediction [12,13,24,25]. Data aggregation techniques increase the network lifetime by merging data in an efficient manner as it traverses the network from one node to the another until it gets to the sink [26,27]. Likewise, data compression involves encoding information at the sensor nodes and decoding it at the sink, and it can be applied to reduce the amount of information sent by source nodes [12]. This reduction in the amount of data transmitted and received also reduces the radio module’s active time, which also decreases the sensor node’s energy consumption. Similarly, data prediction techniques aim at reducing the node’s energy consumption by minimizing the communication cost. They achieve this by building an abstraction of a sensed phenomenon, i.e., a model describing data evolution. The model can predict the values sensed by sensor nodes within certain error bounds, and resides both at the sensor nodes and at the sink [12]. Transmissions between the nodes and the sink occur only when sensor nodes measure values outside the threshold of the prediction models [13]. This reduces the frequency of transmission and the energy needed for communication as well.



The energy-efficient data acquisition data-driven schemes include adaptive sensing techniques such as hierarchical sensing, adaptive sampling, and model-based active sensing [22]. By reducing the number of samples generated by the sensors, an efficient sensing strategy also reduces the amount of data to be processed and possibly transmitted by sensor nodes, and thus generate further energy savings [22]. In hierarchical sensing, a sensor node has multiple sensing devices monitoring the same physical parameter, but with each having a different sensing accuracy and power consumption. Accuracy can be traded off for energy efficiency by using the low-power sensors to get a rough estimate of the monitored parameter [12]. Once an event has been detected, the accurate power-hungry sensors can be activated to give more accurate readings of the physical property at the cost of greater energy consumption [22].




1.3. Review of Energy Management Techniques for Extending the Lifespan of WWPM Systems


In the literature of WWPM, very few studies have tackled the issue of power consumption and sought ways to reduce the energy consumption so as to prolong the monitoring lifetime. However, the issue of energy consumption in WWPM systems is of vital importance since a WWPM system is required to go for long periods of time unattended as a result of the fact the nodes may be difficult to access, especially in the case of buried pipelines. In such cases, the pipelines are required to be monitored throughout their life span, which can extend into years. In this sub-section, we survey some energy conservation management techniques that were discussed in Section 1.2 and how they were applied in previous WWPM studies.



In [28], the authors used duty cycling with scheduled wake-up to reduce the power consumption and thus prolong the WWPM lifetime. The power consumption of the sensor nodes was minimized to 2.2 µW based on taking one measurement every six hours, thus given the sensor node a theoretical lifespan of 100 years when powered with two AA batteries. Although the sleep/wake-up method used in this study achieves great energy reduction, the WWPM solution does not provide real-time monitoring. In a more recent study, Liu et al. [29] proposed a leakage-triggered networking method (radio-controlled wake-up) to reduce the wireless sensor network’s energy consumption and prolong the lifetime of their proposed WWPM system. The authors proposed the use of three types of control frames (i.e., join frame, active frame, and wave frame) to trigger the network according to the leakage detection results. The coordinator and routing nodes were consistently in the working state, and the terminal nodes within the routing node network were sequentially working and sleeping. The terminal nodes only wake up from sleep when they receive an active frame from the routing nodes. The power consumption of the sensor node was 30 mW, and the proposed energy reduction technique increased the WSN lifetime by a factor of 2. In [30], the authors fused duty cycling and data driven-based schemes for maximizing the information gain about the leak, as well as minimizing the power consumption. In their proposed solution, the duty cycling part provides the sleep/wake-up schedule for the nodes to minimize the sensing, communication and processing-related energies, while the data-driven part implements adaptive sampling where nodes closer to the leak location operate at a higher sampling rate, whereas nodes farther away from the leak operate at a lower sampling rate. The power consumption of the sensor node when there was no leak was 2.5 mW, and they achieved an energy reduction that extended the WSN lifetime by a factor of 2.6. The same author in another study [31] combined duty cycling and data-driven approaches like hierarchical sensing and compression. The scheme relies on implementing hierarchical sensing by using vibration sensors of different sensitivities to detect vibrations due to a leak [32], and on exploiting duty-cycling and wavelet-based signal compression in order to reduce sensing, computation and communication energies. The authors failed to mention the energy consumption of the sensor node and did not provide an overall quantitative measure of the energy reduction of their proposed hybrid technique. Both [30,31] employed centralized data processing to detect and localize leaks, and the results were validated only via simulations.



Rashid et al. [33] used clustering and in-network processing to reduce the energy consumed in the network. The authors used wavelength transform and moving average filter to implement in-network processing within the WSN. By integrating the signal processing algorithm in the sensor nodes for distributed event detection and by performing aggregation on data within the cluster, the energy consumed in the network is far less than when all readings are sent to the base station in a centralized network. The authors failed to mention the energy consumption of the sensor nodes, but the results reported an approximately 50% energy reduction when they compared their proposed distributed approach with the centralized approach. References [34,35] also implemented clustering whereby sensor nodes acquire vibration data from the pipe and transmit to a closely located cluster head node that performs local processing and finally transmits to a centralized base station that performs the leak detection decision. In another study, Kartakis et al. [8] presented an end-to-end water leak localization system, which exploits compression as the data reduction approach for conserving energy consumption. The proposed system combined a lightweight edge anomaly detection algorithm based on Kalman filtering on compression rate stream. The results revealed that the proposed solution reduced the communication by 99% compared to the traditional periodic communication, thus enabling the use of battery-powered sensor nodes for an extended period. The limitation of this work is that the authors failed to mention the energy consumption of the sensor node and to what extent their proposed technique increases the WSN lifetime. Lastly, Nkemeni et al. [36] proposed a distributed computing solution for detecting leaks and reducing energy consumption in WWPM systems by implementing a distributed Kalman filter (DKF). The distributed computing technique performed leak detection locally on the sensor nodes and transmitted leak decisions to the base station only when a leak was detected on the pipeline. A 10-node linear WSN was simulated, where scenarios for both the proposed distributed approach and the centralized approach were tested. The reported results demonstrate that the fully distributed solution enhances both leak detection accuracy and reduces power consumption compared to the centralized approach.




1.4. Objective


The issue of energy conservation is of vital importance in WWPM. However, most WWPM studies focus on leak localization while neglecting the energy consumption of their proposed WWPM solutions. As such, there are very few studies in the literature that concern themselves with the evaluation of the energy consumption of their proposed WWPM solution and means on how to conserve energy in order to prolong the lifespan of the WWPM system. Additionally, most of the studies that have treated energy consumption with their proposed WWPM solutions have been based on simulations, and very few studies go to the extent of performing physical experiments on a laboratory testbed. Thus, to the best of our knowledge, no existing study has experimentally evaluated the combined effected duty cycling, hierarchical sensing, and distributed computing on the energy consumption and lifespan of WWPM systems. In this paper, the aim is to experimentally investigate the impact of a hybrid technique, incorporating distributed computing, hierarchical sensing, and duty cycling on the energy consumption of a sensor node in prolonging the lifespan of a WWPM system. From the existing literature, it is evident that a limited number of studies are experimental, and only a scant few employ an approach that integrates both simulation and physical deployment. The novelty of this study is two folds. Firstly, it evaluates the energy consumption of three variants of Distributed Kalman Filter (DKF) applied in the context of a distributed computing solution for WWPM via simulations and laboratory experiments. Secondly, it implements a hybrid energy reduction technique involving duty cycling, hierarchical sensing, and distributed computing and then compares the energy reduction achieved from this hybrid technique with the lone implementation of distributed computing. From results obtained from experiments, it shows that this hybrid technique achieves an energy reduction that is 8 times lower compared to the lone implementation of distributed computing.





2. Materials and Methods


We adopted a method that involves simulations and laboratory experiments. The physical experiments were carried out on a WDN laboratory testbed, and the simulations were performed on the CupCarbon simulator (version 5.2). CupCarbon is a Smart City and Internet of Things Wireless Sensor Network (SCI-WSN) simulator that is used to design, visualize, debug and validate distributed algorithms [37,38]. CupCarbon is based on a multi-agent system approach and was then used because of its inherent property that permit the simulation of distributed algorithms, monitoring of the energy profiles of sensor nodes during simulations [39], easy to use GUI, and native support of the ESP32 microcontroller and communication protocols such as IEEE 802.15.4, ZigBee, WiFi, and Lora [40]. It supports recent application layer protocols in IoT such as MQTT making it one of the popular simulators used in IoT research [41]. Lastly, it supports programming in python, which makes it a suitable choice for our future works requiring machine learning.



The following subsections describe more precisely the experimental setup and the energy characterization tools.



2.1. Experimental Setup


The laboratory testbed used for physical experiments consisted of two high-pressure pipes, each with a diameter of 25 mm and a length of 6 m. These pipes are interconnected to form an L-shaped structure. Two valves are installed on the pipeline: one at the end, designed as the service valve to simulate water consumption at the client’s premise, and another positioned 8 m from the water inlet into the distribution pipe, serving as the leak valve to replicate leaks in the Water Distribution Network (WDN). Figure 1 below illustrates the setup of the laboratory testbed.




2.2. Sensor Node Components


The WWPM system used for monitoring the laboratory WDN was composed of two sensor nodes S1 and S2, which were placed before and after the leak valve, respectively, in the direction of water flow (left to right) as shown in Figure 1. The main components of the sensor nodes comprised an ESP32 as the processing unit, a nRF24L01+ transceiver as the communication unit, a LSM9DS1 as the sensing unit, and a 3.7 V 2000 mAh Li-Po rechargeable battery as the power source, as depicted in Figure 2. Depending on the specific scenario under investigation, as discussed in Section 3, the connection or disconnection of an ADXL344 accelerometer may be optional, contingent upon the implementation of hierarchical sensing. For the processing unit, the ESP32 was used because it is a powerful, low-cost, and low-power MCU. It incorporates a double-core 32-bit Xtensa LX6 microprocessor and an ultra-low-power coprocessor (ULP).



The architecture of the ESP32 frequently renders it a popular choice for deployment in intermediate-level devices within the context of IoT/WSN applications [2]. The ULP coprocessor consumes minimal current (between 10 µA and 150 µA) when the core is sleeping and can be used for simple control. This ULP feature makes the ESP32 a suitable processing unit for a sensor node that will be battery-powered. Thus, the ESP32 can be used to implement duty cycling via an interrupt-driven sleep/wakeup, where the low-power ULP coprocessor is needed for control during deep sleep mode when no leak event is detected while the high-power dual-core processor is a needed in the active mode to perform powerful computations when a leak event is detected. Moreover, the ESP32 has a feature that permits the remaining charge of its battery supply to be estimated by reading the battery voltage from one of its analogue pins. This feature makes the ESP32 suitable for energy-aware applications as it can compute its energy consumption online and thus regulate its operations. Another advantage of the ESP32 is its lower cost, which is an attractive feature for sensor nodes that are to be deployed in a developing country’s WWPM system. In addition, the ESP32 also incorporates Wi-Fi and Bluetooth modules, which makes it IoT-compatible. In our experiments, the core of the ESP32 MCU on each sensor node was configured to operate at a speed of 80 MHz and in the modem sleep mode (ESP32′s Wi-Fi transceiver turned off).



The nRF24L01+ was used as the communication unit and not the ESP32′s Wi-Fi or Bluetooth transceiver because it exhibits current peaks in RX/TX modes lower than 14 mA (one of the lowest consumptions on the market), a sub-μA power-down mode, and advanced power management. The nRF24L01+ is hence a true ultra-low power solution enabling months to years of battery life from coin cell or AA/AAA batteries. In addition, compared to other IEEE 802.15.4-based radio chips, the nRF24L01+ transceiver is low-cost. Finally, the enhanced ShockBurst feature of the nRF24L01+ enables it to achieve high data rates (up to 2 Mbps) at lower power consumption. The burst mode is particularly interesting for distributed computing, which involves only short-distance communications between neighbouring nodes. For the sensing unit, we selected the LSM9DS1 because of its low cost, high sensitivity, and availability. To reduce the power consumption of the sensor node, we also selected a low-power accelerometer to compensate for the high-power consumption of the more sensitive LSM9DS1 accelerometer by implementing hierarchical sensing. The low-power accelerometer is less sensitive and is continuously used to monitor the pipeline. Once it detects an acceleration larger than a defined threshold, it triggers an interrupt to wake up the more sensitive accelerometer from sleep to collect more accurate measurements that will be used for leak detection. The ADXL344 was selected as the low-power accelerometer because of its low-cost, low-power consumption, and wide bandwidth. The accelerometers of both sensor nodes were glued on the pipe surface using hot glue, and wires were used to connect them to the ESP32 MCU. Table 1 presents a comparison between the ADXL344 and LSM9DS1 accelerometers.




2.3. Energy Measurement


We used a custom USB power meter developed in [36] to measure and record the energy consumption of the sensor nodes. The custom power measurement device was based on the intrusive direct measurement method and was composed of an INA226 module with a 100 mΩ shunt resistor, STM nucleo-32 F303k8 microcontroller, 128 × 64 OLED display, SD card and USB port. The block diagram of the USB power meter is presented in Figure 2. We developed this device for two main reasons: (1) to enable us to measure very low currents in the µA range, particularly the current consumption of the node when the ESP32 is operating in deep sleep mode, and (2) to be able to monitor and store the power consumption of the nodes without being physically present (i.e., recording of power measurements collected periodically over a long period of time).



The energy consumption metric represents the total amount of energy spent by the sensor node while performing sensing, processing and communication operations. It is expressed as:


  E =   ∑  k    (   E   M C U , k   +   E   T R X , k   +   E   S E N , k   )    



(1)




where E(MCU,k), E(TRX,k),and E(SEN,k) are the energy consumed by the sensor node’s processing unit, communication unit, and sensing unit, respectively, at time step k.



The energy consumed by the constituent parts of the sensor node are calculated from the integration of the product of current and voltage over the duration of operation. Thus, the expressions of the energy consumption of the sensor node’s constituent parts are given as follows.


    E   M C U , k   =   I   M C U   ×   V   M C U   ×   t   p r o c    



(2)




where IMCU is the current consumption of the MCU, VMCU is the operation voltage of the MCU, and tproc is the time used by the MCU for processing.


    E   S E N , k   =   I   S E N   ×   V   S E N   ×   t   s e n    



(3)




where ISEN is the current consumption of the sensor, VSEN is the operation voltage of the sensor, and tsen is the amount of time the sensor is active during the sensing process.


    E   T R X , k   =   L   R     V   T R X   (   I   T X   +   I   R X   )  



(4)




where L is the length of the packet transmitted/received, R is the data rate, and VTRX is the operational voltage of the transceiver, while ITX and IRX are the current consumption of the transceiver when operating in the transmit and receive modes, respectively.




2.4. Battery Lifetime Estimation


When the node is powered by a lithium-polymer (Li-Po) battery, the state of charge (SOC) of the battery is estimated and used as the energy consumption metric. There are several techniques for estimating the SOC of a battery. They include the coulomb counting method, voltage method, Kalman filter method, impedance spectroscopy, etc. [42]. However, we used the voltage method because the battery voltage can be read directly from one of the ESP32 pins without needing extra circuitry. From the SOC-versus-voltage-discharge curve obtained from the 3.7 V 2000 mAh Li-Po rechargeable battery’s datasheet [43,44], we used polynomial interpolation to derive the analytic relationship between SOC and the voltage of the battery given by Equation (5).


  S O C =   p V   4   −   q V   3   +   r V   2   − s V + t  



(5)




where V is the battery’s voltage, with p = 2808.3808, q = 43,560.9157, r = 252,848.5888, s = 650,767.4615, and t = 626,532.5703



Now that the experimental testbed and power characterization tools have been introduced, the next section will discuss the experimental scenarios that were investigated in this study.





3. Energy Consumption of Distributed Solutions under Different Scenarios


3.1. Distributed Computing on WWPM Systems


In our previous study [36], we compared the lifetime of a WWPM system for both a centralized solution and a fully distributed solution. In this study, we focus on the fully distributed solution, which implements distributed computing, and investigate further ways to improve the WSN lifetime by reducing the energy consumption at the node level. We first evaluate the energy performance of the distributed solution by implementing three variants of Distributed Kalman Filter (DKF) and then proceed further to improve the node’s lifetime by using duty cycling and hierarchical sensing techniques. Thus, we study the energy consumption of the fully distributed WWPM solution under two main scenarios. In scenario 1, we assess the energy consumption of three DKFs implemented in the context of WWPM systems. In this scenario, we implement distributed computing by implementing a DKF on the sensor nodes as the sole energy reduction technique. In scenario 2, we employ a hybrid energy reduction technique that combines distributed computing, hierarchical sensing, and duty cycling. Distributed computing is achieved by implementing DKFs on the sensor nodes, hierarchical sensing is achieved by using both a high-power and high-accuracy accelerometer (LSM9DS1) and a low-power and low-accuracy accelerometer (ADXL344), and duty cycling is implemented via an interrupt-driven sleep/wakeup mechanism. We then analyze the contribution of each energy conservation technique on the energy reduction achieved by the hybrid technique. Table 2 presents the main rationale behind each energy conservation technique and the components of the sensor node that it affects to reduce energy consumption.



Detailed explanations of scenarios 1 and 2 are provided in the following Section 3.2 and Section 3.3, respectively.




3.2. Scenario 1


The performance of different classes of DKFs used in a WSN have been evaluated and compared in [45]. From [45], we selected three DKFs in which we evaluated their leak detection performance in the context of WWPM systems in [46]. The three DKFs were selected from data fusion strategies—specifically, diffusion, gossip, and consensus. The consensus-based DKF selected was the Information-Weighted Consensus Filter (ICF) proposed by Kamal et al. [47], the gossip-based DKF selected was the Sample Greedy Gossip Information-Weighted Consensus Filter (SGG-ICF) proposed by Shin et al. [48], and the selected diffusion-based DKF was the Event-triggered Diffusion-based Kalman Filter (EDKF) proposed by Battistelli et al. [49]. In [46], we presented the algorithms, operation and detailed explanations for the choice of the selected DKFs. Table 3 provides a summary of the values of the parameters assigned to the various DKF algorithms. However, no work has been done to evaluate the energy consumption of DKFs used in a WSN and more specifically in the context of WWPM. If we have previously demonstrated that distributed computing is feasible on low-end IoT devices and yields similar or superior results compared to centralized computing, the energy aspects in those prior works primarily focused on establishing feasibility and quantifying energy consumption orders. However, in this article, our objective is to conduct a precise evaluation of the IoT device energy consumption in a distributed computing solution. We also investigate hierarchical sensing as a means to prolong the system’s lifespan without compromising the leak detection reliability and real-time monitoring. For this reason, in scenario 1, we are interested in assessing the energy consumption of the three selected DKFs whose leak detection performances were evaluated in [46].



In scenario 1, we started with simulations on CupCarbon before proceeding with physical experiments on the laboratory testbed. The simulation platform was fed with real data from the laboratory testbed. The simulation and experimental setups are the same as those described in [46], which was focused on evaluating the leak detection performance of three DKF variants. However, in this study, we focus on the detailed energy evaluation of these algorithms, the impact of using hierarchical sensing and duty cycle on energy consumption, and battery management.



The simulation setup is shown in Figure 3 and is composed of two sensor nodes (S1 and S2) and natural event generators (A4 and A5). The natural event generators emulated the physical accelerometer sensors and were loaded with acceleration data collected from the laboratory testbed. The sensor nodes (S1 and S2) were loaded with scripts that implement the selected DKF algorithms during the simulations.



We conducted several simulations on the setup depicted in Figure 3 to assess the power consumption of each of the selected DKF algorithm. The simulations are conducted on a two-node WSN since a WWPM solution is inherently a linear WSN. In this configuration, the nodes at the beginning and end of the chain each have only one directly connected neighbour, while all intermediate nodes have two directly connected neighbours each. As illustrated in [36], the use of a two-node setup is sufficient for modelling a linear WSN solution. We ran the simulations for a period of 86,400 s (1 day) to monitor the power consumption of the nodes when executing each of the selected DKF algorithm. The simulations permitted us to determine the energy consumed by the nodes and to estimate the size of the battery that will have sufficient energy to power the sensor nodes for a complete day of experimentation. We later conducted physical experiments on the laboratory testbed to measure the power consumption of each of the selected DKF algorithm. We used the USB power meter to monitor the node’s power profile for each of the DKF algorithm for a period of 1 h. We later supplied each node with a 3.7 V, 2000 mAh Li-Po battery and monitored the battery’s voltage for a period of 1 day. The measured voltage was then used to estimate the state of the battery discharge using equation 5. The results and discussion of the power consumption of each of the DKF algorithms derived from simulations and physical experiments are found in Section 4.1.




3.3. Scenario 2


At the end of scenario 1, the DKF with the the highest power consumption from both simulations and experiments is selected. The selected DKF is then implemented on the sensor nodes alongside hierarchical sensing and duty cycling, and the energy consumption is monitored. The worst case was selected in order to evaluate the extent to which the hybrid technique will affect the energy consumption of the sensor nodes. The objective was to develop a WWPM system that can achieve both low-power consumption and real-time monitoring. Figure 4 depicts the flow of operations in our proposed fully distributed, real-time and low-power leak detection solution for WWPM using low-cost MEMS accelerometers that implements the hybrid technique.



The operation of the sensor nodes implementing this hybrid technique is described as follows:




	
On starting, the main core of the ESP32 is in deep sleep mode and the nRF24L01+ and LSM9DS1 are in the power down mode, while the ESP32 ULP and ADXL344 are in the active mode.



	
The ADXL344 continuously monitors the pipeline to detect an activity. An activity (a leak event) is detected once the measured acceleration is above the predefined threshold value (1.01 g) that is stored in the activity register of the ADXL344 accelerometer. Once an activity is detected, an external interrupt is sent to wake up the other components of the sensor node.



	
When no activity is detected by the ADXL344 accelerometer, the ESP32 stays in the deep sleep mode with the ULP coprocessor active, while the nRF24L01+ transceiver and the LSM9DS1 accelerometer both remain in the power-down mode.



	
Once an activity is detected, the ADXL344 triggers a wake-up interrupt to the ESP32, LSM9DS1, and nRF24L01+. The LSM9DS1 wakes up and collects more accurate measurements. The measurements are then processed by the ESP32 main core by running the DKF algorithm. The nRF24L01+ is used to communicate the local estimates of the sensor node to its direct neighbours to achieve distributed data fusion.



	
Once the fusion of local estimates from neighbouring nodes has been performed, the computed estimate is then compared with the baseline value for leak detection. If the final estimate exceeds the baseline value by some threshold value, then a leak alarm is triggered and the node goes back to sleep. Otherwise, no leak alarm is triggered and the node goes back to sleep.








In scenario 2, only physical experiments were conducted using the laboratory testbed described in Section 2.1. The power consumption of the sensor nodes implementing the hybrid energy reduction technique were monitored using the power meter over a period of 1 day. We introduced leak events every hour over a twelve-hour period during the 1-day experimentation phase. The results and discussion of the power consumption reduction are found in Section 4.2.





4. Results and Discussion


In this section, we present and discuss the results of scenario 1 in Section 4.1 and the results of scenario 2 in Section 4.2.



4.1. Power Consumption Evaluation of the Three DKF Algorithms: Scenario 1


In this sub-section we examine the power consumption of the three selected DKF algorithms by presenting and discussing the results obtained from both simulations and physical measurements. We start by presenting the results from simulations in Section 4.1.1 then validate them with results from laboratory experiments in Section 4.1.2.



4.1.1. Results from Simulations


We conducted the simulations on the two-node linear WSN presented in Section 3.2. For each of the selected DKF algorithms that were implemented on the two-node linear WSN, we ran the simulation for a period of 1 day (86,400 s). Figure 5 depicts the energy profile of sensor node S2 for all the three selected DKF implementations.



From Figure 5, it is clear that EDKF has the lowest energy consumption, while ICF consumes more battery energy compared to the other DKF algorithms. We also observed that the energy consumption of ICF and SGG-ICF were close. This is because both of them were involved in the same number of consensus/gossip iterations. From the results displayed in Figure 5, we see at time t = 80,000 s, the battery energy of sensor node S2 has not crossed the 1.8 × 104 J level for the EDKF implementation, whereas the battery energy of S2 had crossed the 1.8 × 104 J level at time t = 10,000 s for both ICF and SGG-ICF. Summarily, the results revealed that for a period of 1 day (t = 86,400 s), sensor node S2 had exhausted 5.7%, 46.1%, and 47.1% of its total battery energy in the case of EDKF, SGG-ICF, and ICF implementations, respectively. Thus, we see that the energy consumption of SGG-ICF and ICF are over 8 times greater than the energy consumption of EDKF. The results revealed that EDKF is a more energy-efficient solution and will provide a longer WWPM lifetime when compared to ICF and SGG-ICF. Table 4 summarizes the battery energy usage of the sensor node for all three DKF implementations over a simulation period of 1 day.



From the simulations, it shows that the maximum energy consumption for all three DKF implementations is 9000 J. Thus, the 3.7 V 2000 mAh Li-Po battery, which stores approximately 26,640 J of energy, is capable of supplying the nodes for more than a day of physical experimentation.



The next sub-sub-section presents the results of the physical experiments that measured the power consumption of the selected DKF algorithms and a comparison of the results with those obtained from simulations.




4.1.2. Results from Laboratory Experiments


For each of the DKF implementation, we measured the current and voltage of the nodes. Figure 6 represents the power profile of sensor S2 in the case of the EDKF, ICF, and SGG-ICF implementations.



The average power consumed by the sensor node S2 for a period 1 h was found to be 135.616 mW for ICF and SGG-ICF, while it was 140.064 mW for EDKF. From these results, we can deduce that the lifespan of sensor node S2 when powered by the 2000 mAh capacity Li-Po battery will be approximately 54 h for ICF and SGG-ICF, and approximately 52 h for EDKF. Thus, the lifespan for the sensor node is approximately 2 days for all the DKF implementations. We also observed that the difference in power consumption for EDKF when compared to ICF and SGG-ICF was not as significant as what we had obtained from simulations. However, the results of the laboratory experiments validated the high communication burden of the ICF and SGG-ICF algorithms compared to the EDKF algorithm. As shown in Figure 6, the wavelets that occur every 1 s period on the power profile of ICF and SGG-ICF represent the five consensus/gossip communication iterations that these algorithms have to undertake to achieve an accurate estimate. This shows that the communication burden of these algorithms is high and so is their power consumption. The EDKF has only a single spike in its power profile after every 1 s because it requires just a single communication with the neighbouring node to fuse the estimates. We also observed something unexpected from the power measurement results obtained from the physical experiments. As can be seen from Figure 6, the power consumption of EDKF is higher than that of ICF and SGG-ICF. This is inconsistent with the results obtained from simulations and also from a theoretical perspective. For verification, we powered the sensor node for a period of 1 day using the Li-Po battery and monitored the rate of discharge of the battery’s supply voltage. Figure 7 presents an experimental validation of the state of the sensor node battery’s voltage over a period of 1 day for each of the DKF implementation.



Figure 7 demonstrates the accurate monitoring of the State of Charge (SOC) of the battery experimentally by observing the evolution of the battery’s voltage over time. From observation, the battery discharge profiles for all three DKF implementations are found to be approximately the same at the end of one day, as indicated in Figure 7. The SOC of the battery is computed from the battery voltage measurements using Equation (5). Calculating the difference between the SOC at the beginning and end of the one-day experimental period yields the percentage of battery usage over that period. The results of these calculations are presented in Table 5.



Table 5 shows the battery energy consumption for the three selected DKF algorithms. As can be seen, EDKF has the lowest energy consumption (40.71%), followed by SGG-ICF (41.34%), and lastly ICF (44.53%). These results are consistent with those obtained from simulations. The results also show that there is no significant difference in the energy consumption of ICF and SGG-ICF, which is also consistent with the result obtained from the simulation. However, the difference between the energy consumption of EDKF and ICF is not as significant as was revealed by the simulation results. From the simulation results presented in Figure 5, the energy consumption of the ICF was 8 times higher than that of the EDKF, whereas the results from the laboratory experiments revealed that the energy consumption of the ICF is less than 2 times the energy consumption of the EDKF. One reason for this great difference can be explained by the fact that the CupCabon simulator only models the energy consumption of the communication unit and does not model the energy consumption of the microcontroller and the sensor.



The presented results lead us to the conclusion that the simulation results align with the experimental results, validating our combined approach. The battery discharge performance of the three DKF algorithms is comparable, resulting in approximately equivalent node lifetimes for all implementations. The experimental results, depicted in Table 5, align with the simulation results, depicted in Table 4, with the exception of EDKF. Notably, from simulations (Figure 5), EDKF exhibits energy consumption over a one-day period that is eight times less than that of the other algorithms (ICF and SGG-ICF). This discrepancy arises from the fact that CupCarbon models solely the communication energy of the node, excluding the energy consumed by the MCU and sensor. Given that the ICF and SGG-ICF involve a communication frequency at least five times greater than that of the EDKF, their energy profiles appear similar but differ from the EDKF’s. Figure 8 illustrates that, despite these differences, the battery discharge for all three algorithms is similar. Upon estimating the node’s energy consumption from the State of Charge (SOC) of the battery, we find that there are no significant differences in the battery energy usage for all three DKF implementations over a period of one day. This similarity arises because the primary consumer of the node’s battery energy in this case is the MCU rather than the communication unit. As all three DKFs maintain the ESP32 MCU in an active state continuously, their energy consumption is expected to be similar. Specifically, the energy consumed by the MCU (ESP32 core) in the active state (36.8 mA) far surpasses that consumed by the transceiver (nRF24L01+) during transmission (11.3 mA).



We now turn our attention to the computation of the node’s lifespan for all three DKF implementations when powered by a 3.7 V 2000 mAh Li-Po battery. Traditionally, lifespan estimation involves calculating the total energy of the battery divided by the average power of the node computed over an hourly period. Additionally, we have the opportunity to assess lifespan through the direct extrapolation of data from real deployed batteries used to power the nodes. Thus, we will employ two methods for estimating the node’s lifespan, as summarized in Table 6.



Method 1 utilizes the average power derived from power measurements presented in Figure 6 to calculate the node’s lifespan. Method 2 leverages battery voltage measurements from Figure 7 and an approximate equation (cf. Equation (5)) to compute the State of Charge (SOC) of the battery at the beginning and end of the one-day experimental period. The energy usage for one day is then derived from the difference in SOC. With this energy consumption data, we calculate the time required to deplete the battery’s energy.



Results presented in Table 6 reveal that the lifespan of the sensor nodes for all DKF implementations is approximately 2 days using both methods of estimation. The slight disparity in node lifespans using the two estimation methods may be attributed to the use of the approximate polynomial in Equation (5) for estimating the battery’s SOC. Another contributing factor could be the variability in the average power of the sensor node over one-hour periods due to asynchronous events, causing fluctuations in power consumption. For instance, higher communication interference leads to increased power consumption during such periods compared to periods with lower interference.



Moreover, the results presented in Table 6 indicate that the real implementation, as determined by Method 2, yields a lifespan that is longer compared to the estimated lifespan derived from power measurements (Method 1). This holds true for all DKF implementations except ICF, signifying that the real implementation offers extended node lifespan.



Lastly, from the results presented in Table 6, it can be seen that the lifespan of the sensor node is short (slightly greater than 2 days). This is because in these implementations, the ESP32 main core is operating in the modem sleep (active) mode throughout. As shown in [36], the ESP32 is a very power-hungry chip when operating in the modem sleep mode, given that it is a middle-end device. This huge power consumption is not appropriate for a WWPM system as it is required to operate for long periods without the need to recharge or replace the batteries. Thus, reducing the power consumption necessitates that the ESP32 be used as a low-end device by putting it most of the time in the deep sleep mode (relying only on the ULP coprocessor). However, to ensure real-time leak detection, it is necessary that the ESP32 awakes from sleep when there is a leak event to perform the processing tasks required to reliably detect the leak. Thus, the challenge is how to achieve low-power consumption without compromising the real-time performance of the WWPM system. We tackle this by proposing hierarchical sensing and duty cycling to achieve both low-power consumption and real-time detection. In the next sub-section, we present how we reduced the sensor node power consumption via duty cycling and hierarchical sensing, while maintaining real-time leak detection.





4.2. Energy Consumption Reduction from Proposed Hybrid Technique: Scenario 2


The results presented in Section 4.1 show that the WSN lifespan obtained from the configurations of scenario 1 is too low. Though we are able achieve real-time leak detection in scenario 1, such a deployment will require frequent battery replacement, thus making it not energy-efficient and suitable for battery-powered WWPM systems. Therefore, there is a need to further decrease the sensor node energy consumption so as to prolong the lifespan of the WWPM system. This sub-section presents and discuss the results of the implementation the hybrid energy reduction technique that adds hierarchical sensing and duty cycling to the already-existing distributed computing at the node level to achieve both low-power consumption and real-time monitoring. For illustration purposes, we implemented the proposed solution on the laboratory testbed and evaluated the power consumption of the ICF algorithm (since it has the highest power consumption as shown in Section 4.1). Figure 8 displays the current profile of sensor node S2, and Figure 9 depicts the battery voltage discharge over a period of 1 day. The measurements presented in these figures were collected using the custom power measurement device we described in Section 2.3.



The results in Figure 8 revealed a current consumption of 300 µA (0.99 mW) when the node is in the deep sleep mode. This is significantly close to the theoretical datasheet value of 290 µA (150 µA for ESP32 ULP coprocessor and 140 µA for ADXL344 measurement mode supply current). From the results, it can be seen that there is a significant decrease in the power consumption of the sensor node. When there is no leak on the pipeline, the sensor node consumed a current as low as 0.3 mA when duty cycling and hierarchical sensing were implemented compared to 31.8 mA when duty cycling and hierarchical sensing were not implemented. The results in Figure 9 showed that the battery voltage dropped from 3.78 V to 3.76 V for a period of 1 day when both duty cycling and hierarchical sensing were implemented at the sensor node level. This corresponded to a battery energy consumption of 5.03% compared to 44.53% when duty cycling and hierarchical sensing were not implemented. Thus, it can be seen that the implementation of duty cycling at the sensor node level can lead to an increase in the sensor node’s lifetime by a factor of 8. This is because the node stays in the ultra-low power state (where its current consumption is 0.3 mA) whenever there is no leak on the pipeline.



Finally, the results presented in this section demonstrates that our proposed solution can achieve real-time leak detection while at the same time preserving the lifespan of the WWPM system. Furthermore, the hierarchical sensing utilized in this hybrid approach does not reduce the leak detection reliability. From [46], it was shown that the magnitude of vibrations resulting from leaks are in the order of 1.01 g, leading to 1.01 g being set as the baseline value for leak detection. Thus, a leak alarm is triggered each time the difference between the estimated pipe surface acceleration and the baseline value exceeds the threshold value (δ) by 0.01 g. Such vibrations were effectively detected by the ADXL344 accelerometer when configured in the ±2 g sensing range given its sensitivity value of 4096 LSB/g and noise floor level of 530 μg/√Hz. To be sure of the leak event detected by the ADXL344 accelerometer, the ADXL344 always triggered a wakeup to the LSM9DS1 accelerometer to make more accurate measurements to confirm the leak event. In this way, the leak detection reliability is not reduced in any way.



In conclusion, the eightfold improvement (approximately 480 h or 20 days) observed in scenario 2 compared to scenario 1 still presents a relatively short lifespan in a practical sense. This limited duration arises from the deliberate introduction of leak events every hour for twelve hours within the 1-day experimentation period of scenario 2. The intention was to induce a substantial and measurable change in the battery’s voltage, given the node’s low power consumption during deep sleep mode, which otherwise showed no significant alteration in the battery’s voltage over a 1-day span. Consequently, the 5% reduction in the node’s battery within this timeframe can be attributed to the energy expended in detecting the leak events introduced during experimentation. This detection process necessitates the node’s transition from deep sleep to active mode, consuming a considerable amount of energy.



However, it is crucial to note that in real-world scenarios, the frequency of leak events is typically lower. Assuming no leaks occur over a one-year period, the node would continuously remain in deep sleep mode, consuming a current of 0.3 mA. In this case, the estimated lifespan of the node, supplied with a 3.7 V 2000 mAh Li-Po battery, extends to approximately 278 days. Additionally, the node’s lifespan can be prolonged by optimizing the balance between leak detection reliability and energy consumption. For instance, configuring the ADXL344 to operate at different Output Data Rates (ODR) during specific times, such as employing an ODR < 10 Hz (with a measurement mode supply current of 30 µA) for 90% of every 10-s period and an ODR ≥ 100 Hz (with a measurement mode supply current of 140 µA) for the remaining 10%, will significantly enhance the sensor node’s lifespan.




4.3. Analysis of Energy Consumption Reduction Contribution of the Different Techniques


In this sub-section, we present an analysis of the contribution of each energy conservation technique on the energy reduction achieved by our proposed hybrid technique.



From our previous study, we compared the energy consumption of the centralized and distributed solution. The results revealed an increase in the lifespan of the WWPM by a factor of 13 in favor of the distributed solution. In this study, we focus on the distributed solution that implements distributed computing by using a Distributed Kalman Filter. Duty cycling and hierarchical sensing are then implemented on the distributed solution, and the contribution of each energy conservation technique (duty cycling and hierarchical sensing) to the energy reduction of the distribution solution is analyzed. Analysis is performed for the case where hierarchical sensing and duty cycling are implemented separately with the distributed solution (distributed computing) and the case where they are combinedly implemented with the distributed solution. For the analysis, we consider a one-hour period with no leak event. The result of the energy consumption analysis is presented in Table 7.



From Table 7, it can be clearly seen that duty cycling has the highest impact on the energy reduction of the hybrid technique. Implementing duty cycling saves the node approximately 37 mAh of energy every hour in the case of no leak. This is because duty cycling affects the most energy consuming parts of the sensor node, i.e., the MCU and the transceiver, by switching them from the power-hungry active modes to the power-efficient deep sleep mode. The MCU and transceiver are switched to their active modes only when an interrupt is initiated by the accelerometer due to the detection of a leak event. Hierarchical sensing has a minimal effect on the energy reduction because it does not affect the MCU and transceiver. It only affects the sensors and thus influences only the energy consumed by the sensing unit. The result shows that implementing hierarchical sensing saves the node approximately 0.4 mAh of energy every hour in the case of no leak. This is because hierarchical sensing reduces the energy consumed by the sensing unit from 600 µA to 140 µA when no leak is detected on the pipeline.





5. Conclusions and Perspectives


This study delved into a critical aspect of wireless sensor network-based water pipeline monitoring (WWPM) systems—the imperative need for low energy consumption. The sustained operability of sensor nodes over extended periods without the requirement for frequent battery replacement is vital in such applications, especially when considering the typically battery-powered and physically inaccessible nature of these nodes. This study was centered on a comprehensive experimental investigation into a hybrid technique that incorporates distributed computing, hierarchical sensing, and duty cycling to optimize the energy consumption of sensor nodes, thereby extending the lifespan of WWPM systems. The energy consumption of three DKFs selected from data fusion strategies—specifically, diffusion, gossip, and consensus—were evaluated in the context of a distributed computing solution for WWPM. In all three DKF implementations, the sensor node’s lifetime when powered with a 3.7 V 2000 mAh Li-Po rechargeable battery was between 52 to 54 h. The implementation of hierarchical sensing and duty cycling on the worst-case DKF shows an improvement in energy reduction by 800%. The proposed solution also achieved real-time leak detection and preserved the lifespan of the WWPM system, all without degrading the leak detection reliability.



In conclusion, combining the results of leak detection performance in [46] and power consumption presented in Section 4.1, a compromise between leak detection performance and energy efficiency shows that EDKF is more optimal for a fully distributed leak detection solution in WWPM when compared to ICF and SGG-ICF, since its estimation performance is less affected by packet loss. Rather than implementing an ICF or SGG-ICF, which have higher sensitivities than an EDKF but have a high communication requirement (which has an adverse impact on the power consumption), we propose that the sensitivity of a WWPM solution implementing an EDKF can be improved by using machine learning (ML) techniques at the decision level [50]. Presently, it is feasible to implement ML on embedded systems with limited computational power, such as microcontrollers [51], as demonstrated in previous works that have employed deep neural networks [52]. Furthermore, ML is currently regarded as a strong candidate for enhancing security in IoT [53] and has already seen partial implementation in water monitoring applications [54]. Therefore, we advocate for the use of EDKF for filtering at the feature extraction level to provide more accurate features. These features can then be classified by an ML algorithm at the decision level to improve leak detection accuracy. Since this approach involves increased computation rather than communication, it is likely to reduce energy consumption at the sensor nodes. Consequently, it emerges as a promising choice for implementation in battery-powered sensor nodes utilized in WWPM, thanks to its energy-aware design. This makes it a strong candidate for a green WSN solution for water pipeline monitoring.
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Figure 1. Laboratory testbed setup. (a) Position of sensor node’s S1 and S2 (b) water distribution pipeline. 
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Figure 2. Setup model depicting hardware interfacing of the sensor node’s components and power measurement device. 
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Figure 3. Simulation setup in CupCarbon. 
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Figure 4. Proposed fully distributed, real-time and low-power leak detection solution for WWPM using low-cost MEMS accelerometers. 
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Figure 5. Energy profile of the selected DKF algorithms over a simulation period of 1 day. 
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Figure 6. Power profile of the three DKF algorithms. 






Figure 6. Power profile of the three DKF algorithms.



[image: Futureinternet 15 00402 g006]







[image: Futureinternet 15 00402 g007] 





Figure 7. State of charge of sensor node’s battery for the selected DKF implementations: (a) EDKF, (b) ICF, (c) SGG-ICF. 
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Figure 8. Current profile of sensor node implementing duty cycling and hierarchical sensing. 
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Figure 9. State of charge of sensor node’s battery when duty cycling and hierarchical were implemented. 
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Table 1. Comparison of ADXL344 and LSM9DS1 accelerometers.
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	Accelerometer
	Resolution
	Bandwidth

(Hz)
	Sensitivity (LSB/g)
	Sensing Range
	Noise Floor Level (μg/√Hz)
	Current Consumption

(µA)





	ADXL344
	13
	0–1600
	4096
	±2 g, ±4 g, ±8 g, ±16 g
	530
	23



	LSM9DS1
	16
	0–400
	32,768
	±2 g, ±4 g, ±8 g, ±16 g
	N.A.
	600







g is the gravitational constant, where 1 g = 9.8 ms−2.













 





Table 2. Rationale behind each energy conservation technique and the sensor node components affected.
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	Technique
	Rationale and Components Affected





	Distributed computing
	Reduces energy consumption by reducing the number of transmissions to the base station



	Duty cycling
	Reduces energy consumption by switching sensor node components (MCU, transceiver, and sensors) to low power modes.



	Hierarchical Sensing
	Reduces energy consumption by performing a tradeoff (compromise) between accuracy and energy consumption. This involves switching between high accuracy high power sensor and low accuracy low power sensor










 





Table 3. Values assigned to DKF parameters.






Table 3. Values assigned to DKF parameters.





	Parameter
	Value
	Concerned Algorithms





	State transition matrix (A)
	1
	All



	Measurement matrix (H)
	1
	All



	Process noise covariance (Q)
	0.001
	All



	Measurement noise covariance (R)
	0.0081
	All



	Network size (N)
	2
	ICF and SGG-ICF



	Number of consensus or gossip iterations (L)
	5
	ICF and SGG-ICF



	Consensus speed factor (ϵ)
	0.65
	ICF



	Sensor activation probability (p)
	0.5
	SGG-ICF



	Information transmission rate (α, β, and δ)
	0.001, 40, 40, respectively
	EDKF










 





Table 4. Battery energy consumption from simulations.
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Battery Energy (J)

	
Battery Energy Usage (%)




	
Time (min)

	
0

	
1440






	
DKF Algorithm

	
EDKF

	
19,160

	
18,069

	
5.7




	
ICF

	
19,160

	
10,133

	
47.1




	
SGG-ICF

	
19,160

	
10,321

	
46.1











 





Table 5. Battery energy consumption from laboratory experiments.






Table 5. Battery energy consumption from laboratory experiments.





	

	

	
Battery Voltage (V)

	
SOC (%)

	
Battery Energy Usage (%)




	
Time (min)

	
0

	
1440

	
0

	
1440






	
DKF Algorithm

	
EDKF

	
3.83

	
3.67

	
67.32

	
26.61

	
40.71




	
ICF

	
3.85

	
3.67

	
71.14

	
26.61

	
44.53




	
SGG-ICF

	
3.82

	
3.66

	
65.26

	
23.92

	
41.34











 





Table 6. Sensor node’s lifetime computed from power profile versus battery energy consumption measurements.
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	DKF Algorithm
	Node’s Lifetime from Power Measurements
