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Abstract

:

Falls are the main source of injury for elderly patients with epilepsy and Parkinson’s disease. Elderly people who carry battery powered health monitoring systems can move unhindered from one place to another according to their activities, thus improving their quality of life. This paper aims to detect when an elderly individual falls and to provide accurate location of the incident while the individual is moving in indoor environments such as in houses, medical health care centers, and hospitals. Fall detection is accurately determined based on a proposed sensor-based fall detection algorithm, whereas the localization of the elderly person is determined based on an artificial neural network (ANN). In addition, the power consumption of the fall detection system (FDS) is minimized based on a data-driven algorithm. Results show that an elderly fall can be detected with accuracy levels of 100% and 92.5% for line-of-sight (LOS) and non-line-of-sight (NLOS) environments, respectively. In addition, elderly indoor localization error is improved with a mean absolute error of 0.0094 and 0.0454 m for LOS and NLOS, respectively, after the application of the ANN optimization technique. Moreover, the battery life of the FDS is improved relative to conventional implementation due to reduced computational effort. The proposed FDS outperforms existing systems in terms of fall detection accuracy, localization errors, and power consumption.
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1. Introduction


The worldwide population of elderly who are more than 65 years old is expected to grow to 1 billion in 2030, and the percentage of individuals aged 20–64 years will become 35% of the population [1]. Therefore, monitoring the vital signs of elderly people is essential. In vital sign observation applications, patients and elderly people wear sensors that manage their vital parameters to detect emergency conditions and enable caregivers to respond efficiently. A fall is one of the key factors that can lead to injuries and decrease quality of life, at times resulting in the death of elderly persons. People’s rate of falling increases with their age. Falls occur frequently in medical health care centers, hospitals, or houses, with approximately 30% of falls causing injury. Falls in hospitals occur in the rooms of the patients (84%) and during transfer from one place to another (19%). Furthermore, the majority of falls occur in areas adjacent to chairs and beds [2]. Most people who experience falls need special care in a nursing home or hospital, thereby restricting their life activities. The hazard issues of fall or slight fall, especially of the elderly, can be aggravated by chronic diseases, such as osteoporosis, delirium, and dementia [3]. The degree of danger from a fall for aging persons is frequently decided by the location of the fall, time of fall detection, duration and time of transfer and rescue services. Therefore, automatic detection of elderly people’s falls along with the locations of the incident is important so that medical rescue staff can be dispatched immediately and so that the family of the elderly can be informed about the incident through a specific wireless network or mobile telephone.



The development of microelectromechanical technologies allows the integration of different sensors, and a wireless network is commonly used. Wireless sensor networks (WSNs) comprise a number of tiny and small sensor nodes which are deployed over several applications to monitor the physical environment (e.g., temperature, humidity, vibration, pressure, etc.) [4], patients vital signs (e.g., heart rate, body temperature, blood pressure, diabetes, motion, fall detection, etc.) [5], fog-supported smart city [6], fog-supported peer-to-peer WSN [7], etc. WSN have played a significant role in medical applications for monitoring elderly patients’ vital signs. Physiological parameters can be monitored in the elderly to evaluate their vital signs, such as blood pressure and sugar, heart functions, postures, fall, and the location of a fall incident. Among these parameters, fall detection and localization are considered in this study. The power consumption problem of the proposed fall detection system (FDS) is also addressed. Several fall detection and localization systems have been developed recently. Fall detection can be categorized into three systems, namely, (i) vision-based, (ii) ambient sensor-based, and (iii) wearable sensor-based [8]. Vision-based systems employ a computer to capture images and videos of fall events. This method can be subdivided into three types: single RGB camera, 3D-based methods utilizing depth cameras, and 3D-based methods employing several cameras [9]. This system monitors the shape and position of the subjects, which depends on image processing preprocessing and pattern recognition techniques. Although this system is convenient and non-obtrusive for elders, it is more expansive than the other two types because it needs many cameras. In addition, the RGB camera needs to be calibrated to allow a 3D reconstruction of the body, resulting in a time-consuming and computationally intensive procedure [10].



Ambient sensor-based systems utilize external sensors such as acoustic, electromyography, vibration, infrared, and pressure sensors. The sensors of the ambient sensor-based methods are used in the area around the subject of concern. Sensors are implanted in the surroundings and track the movements of the elderly. Pressure sensors are usually employed in this method because they are unobtrusive, low cost, and sensitive. The main shortcomings of these methods are low fall detection accuracy (less than 90%) [11], a tendency to generate false alarms when pressure sensors are used because the sensor senses the objects around the body, and the direct effect of distance between the body and sensor location on fall detection accuracy. Indoor environments should contain several sensors to obtain high accuracy, thereby increasing costs. With the development of microelectromechanical technologies in recent years, wearable sensor-based systems have become commonly used for fall detection. The sensors of the last method are attached to the subject of interest. The wearable sensor-based method usually depends on accelerometer sensors, which are connected to the body and provide an extraordinary level of obtrusiveness [8]. Accelerometers are popular wearable sensors embedded in FDSs to detect the position and movement of the subject [12]. The advantages of wearable accelerometer sensors are their small size, lower cost than external sensors, ability to be easily carried by the body [13], and ability to measure acceleration in three coordinates or angles of incidence. Thus, among the above three methods, the wearable sensor-based method using accelerometer sensors is considered in this study.



In elderly indoor localization, accurate estimation of node locations poses a challenge. One of the prevailing methods is a WSN integrated with several sensors to detect and localize the patient’s fall. Localization and power consumption are essential challenges in WSN, where elderly people who carry a battery power system may transfer from one place to another according to their activities. Thus, a localization technique that can independently measure or determine the location of the elderly is necessary. Various range-based and range-free localization techniques are employed in WSN localization. Range-based techniques are employed to identify the distances and angles among nodes in WSN. Some examples of range-based localization techniques are angle of arrival (AoA), time difference of arrival (TDoA), time of arrival (ToA) [14], received signal strength indicator (RSSI) [15], global positioning system (GPS) [16], and acoustic energy [17]. Conversely, range-free localization techniques are less accurate than range-based localization and are less cost effective. They rely on the transmission link among mobile nodes and beacon nodes (called beacons nodes) in the network to determine node positions, and they do not provide information about distance and angle. In this study, a sensor node or FDS is carried by elderly people with restricted energy sources and minimal equipment requirement. Range-free localization techniques that depend on received signal strength indicator (RSSI) measurements are adopted because they do not require additional hardware, thereby minimizing power consumption, cost, size, and system complexity.



In this paper, the fall and location of subjects are determined by an FDS wearable device. The FDS, which includes a digital tilt sensor, accelerometer sensor, shock sensor, microcontroller, Zigbee wireless protocol, and power unit, is wrapped around the waist of the subject. The waist is selected as the location because it allows high discrimination between activities with the accelerometer system [18]. Digital tilt, shock, and accelerometer sensors are utilized to detect the fall incident of the subject. The location of the incident is estimated by using the RSSI of three Zigbee beacons for line-of-sight (LOS) and non-line-of-sight (NLOS) indoor environments. The RSSI of the three Zigbee beacons is used because no additional hardware is required [19]. The beacons are used to determine the location of the subject (i.e., location of fall incident) based on an artificial neural network (ANN) technique. Location accuracy is a crucial factor for WSN applications [20] because it can reduce the power consumption of the WSN nodes. When the location or distance among the WSN nodes is measured accurately, the transmitted power of the sensor node’s transceiver radio module can be modulated to reduce power consumption, while still retaining connectivity, thereby prolonging battery life [21]. However, this approach is not considered in the current work. The fall alarm and raw RSSI data are sent to the coordinator node (CN) for elderly location estimation and immediate rescue. Thus, the survival probability of elderly people who have fallen can be increased, with a population effect of increased life expectancy.



Practical wearable devices carried by patients, elderly people, and athletes are battery powered. Thus, the power consumption of these devices must be considered. The radio frequency (RF) element generally consumes the most power in a wearable device [22]. Several studies on wearable telehealth and telecare systems state that their suggested systems were energy efficient. Most of these studies employed only low-power hardware, adopting a low-power communication module or a microcontroller. However, they neither considered power reduction techniques to improve the power consumption of their systems nor focused on realizing full system functionality. Accordingly, the power consumption of the sensor node is improved in the present study with the use of a data-driven algorithm (DDA) along with a low-power wireless communication module (i.e., Zigbee) and a standalone microcontroller. With the use of low-power components and DDA, the FDS battery lifetime is extended. In DDA, the FDS can enter sleep mode when no information of an elderly fall (i.e., the normal case) is ready for transmission to the CN. Once a fall happens, the sensor node wakes up for a short time to send the fall alarm and location information (i.e., RSSI values) to the CN and then returns to sleep mode to conserve energy. Instead of continuously monitoring the patients’ vital signs, the FDS transmits data at sparse events.



The contributions of this paper are as follows:




	
Fall detection of elderly people is accurately detected based on FDS carried by the patient



	
The location of the fall is determined with minimum localization error based on ANN technique in indoor environments for LOS and NLOS scenarios.



	
The power consumption of the FDS carried by the subject is minimized based on DDA.



	
Fall detection accuracy achieved using sensor-based fall detection algorithm (S-BFDA), localization error based on ANN technique, and FDS power consumption based on DDA are compared with those of state-of-the-art systems.









2. Related Works


Different approaches or schemes have been used to determine or detect the fall of the elderly considering several application scenarios. Three categories of elderly FDSs are available, as highlighted in the introduction. Wearable sensor-based approaches have an advantage over the other two approaches because such approaches involve attaching the device to the subject which then moves with them. Such systems need sensors such as gyroscopes and accelerometers. Smartphones can be efficiently employed for elderly fall detection because most mobile smartphones include these sensors [23]. Many studies on fall detection applications show the applicability of Zigbee or Bluetooth radio solutions in wearable wireless sensor devices. One study [3] designed and implemented a care system that can detect and localize the fall of a human. The proposed system architecture consisted of a portable device such as a mobile phone or a tablet, the Zigbee wireless protocol as an access point, a console, a server, and an end-user mobile phone. The portable device automatically detects the fall of a subject and sends an alert message to the nursing center via the Zigbee access point. The proposed system achieved an average fall detection accuracy of 99.9%. In addition, the system could determine the location of the fall incident based on the triangulation method to help medical staff find the patient quickly. The proposed system was efficient in terms of fall accuracy and power consumption, as the system could work continuously for 1 month without the need for a battery change and could send fall and location information more than 500 times.



In Reference [24], the author proposed a wireless body area network (WBAN) for fall detection applications and optimized the energy efficiency and throughput of the Zigbee communication protocol. A fall detection algorithm was implemented based on an accelerometer sensor worn on the subject’s waist and could detect eight different fall cases. Results demonstrated that 100% sensitivity and specificity could be expected when the fall occurred in the vertical position (i.e., falls sliding against a wall ending in vertical position). The power consumption of the WBAN was minimized and was 10 times less based on the sleep/wake mode of the Zigbee, which transmitted data every 5 s and slept the rest of the time. In Reference [25], an outdoor healthcare monitoring system that could monitor electrocardiogram (ECG) signal and fall events of elderly people was designed and implemented. The falling position of the elderly was determined through GPS, and fall events could be detected based on gravitational acceleration and altitude difference. The ECG signal was used alongside GPS to increase the accuracy of FDS. The healthcare system consisted of an ECG module, a GPS module, a microprocessor embedded in a field programmable gate array (FPGA) board, and the Zigbee module. The Zigbee transmitted the fall event and localization information to the receiving Zigbee connected with the computer server. The information in the computer was then transferred to the healthcare center via Ethernet. Results showed 95% fall detection accuracy with ECG and 80% localization accuracy with GPS. The outdoor healthcare monitoring system consumed more power when it continuously monitored for subject fall and position. The system was suitable for outdoor applications; however, GPS would not work in indoor environments [26].



A combination of accelerometer and electromyography was considered in Reference [27] to monitor the daily activity of the elderly and patients and to detect their falls. The proposed method achieved 98% recognition accuracy. Force sensor fusion and accelerometer decision were merged to efficiently to detect the fall of elderly people. The force sensor could detect, locate, and track elderly people, as well as identify their activities such as standing, sitting, walking, falling, lying down, and the transitions between their activities. Zigbee wireless protocol was employed to send the information of the force and accelerometer sensors to the neighboring node and any agent node. However, the system was costly and consumes a large amount of power because the accelerometer and force sensors are installed under tiles in large numbers. In Reference [28], a wireless patient monitoring system was proposed to monitor the patient fall, ECG signal, and indoor location of the fall incident. An accelerometer was used to monitor the patient fall, and indoor positioning was determined based on Zigbee wireless mesh networks. The proposed system consisted of sensor node, router node, and sink node. When a fall occurred, the vital signs of the patient were transmitted to the sink node through the Zigbee network. The Zigbee was configured to enter sleep mode in normal conditions to save energy and woke up during an abnormal event to transmit the patient’s vital signs. With the sleep/wake strategy, the Zigbee could work continuously for 30 h using an 800 mAh battery.



Fall detection was distinguished from the daily activities of the subject in Reference [29] by using six artificial intelligence techniques, namely, support vector machine (SVM), k-nearest neighbor (k-NN), Bayesian decision making, least squares method (LSM), ANN, and dynamic time warping. Six sensor units were used to detect falls. Each unit supported a single intelligent technique and included three sensors (i.e., accelerometer, magnetometer/compass, and gyroscope). Sensor measurements were transmitted to the remote PC through Zigbee wireless protocol. The authors deduced that the k-NN and LSM achieved the best results of 99% in terms of accuracy, specificity, and sensitivity. In Reference [30], a sensor node that could precisely detect human movement and fall was developed to meet size, weight, and responsiveness requirements by employing data from gyroscopes, accelerometers, and magnetometers. Zigbee wireless protocol was used to create a WBAN and then transmit the collected data from body sensors to a remote server (RS) when the subject was inside the home. The access points inside the home were created through Zigbee to reduce the power consumption of the network. Conversely, when the subject is outside his or her home, the data could be transmitted from WBAN to RS via Bluetooth using a smartphone device.



In Reference [31], a fall detection wearable device was proposed based on an accelerometer sensor, FPGA, and Zigbee wireless protocol. A low-cost algorithm was implemented in FPGA to detect the fall event. Zigbee sends raw data about the fall to an outside computing board for data analysis every 100 ms. The power consumption of the wearable device is minimized with the sleep/wake scheme, where Zigbee is activated only when a fall event happens. Otherwise, it is deactivated to conserve the energy of the wearable device. The power consumption of Zigbee was approximately 190 and 9 mW in active and deactivate modes, respectively. In Reference [32], a wearable elderly fall detection prototype was designed and presented. A novel algorithm was implemented inside a microcontroller to detect the fall of a subject. A wearable system relay on the sensor node includes a three-axis accelerometer, a microcontroller, and the Zigbee wireless protocol. Subject fall detection data could be transmitted to the gateway (i.e., portable computer) via Zigbee. Experimental results indicate that the system had 96.25% accuracy, sensitivity of 98.75%, and specificity of 94.38%. However, the power consumption of the sensor node increased once the sampling rate was set to 100 Hz.



Recently, the authors of Reference [33] studied the best location of fall detection sensors (i.e., gyroscope, accelerometer, and magnetometer) on a patients’ body to ensure a minimum number of sensor nodes in the proposed system, and employed Zigbee for data transmission. The authors concluded that the waist is the best location for a single fall detection sensor, achieving 99.96% sensitivity based on the k-NN algorithm. In Reference [34], a homecare system was designed and implemented for fall detection and localization in a hospital. A tri-axial accelerometer was employed for fall detection, and the fall algorithm was embedded in a microcontroller for analyzing the accelerometer measurements. The proposed homecare system wakes up every second (taking advantage of the internal interruption of the microcontroller) to transmit the fall and location information to nursing staff through the IEEE 802.15.4 standard.



The k-NN algorithm was presented in Reference [35] to develop a smartphone device for fall detection and warning. The proposed system consists of a smartphone and a wearable motion sensor platform integrated with a gyroscope, a three-axis accelerometer, a microcontroller, and a Bluetooth module. The proposed system was tied to a custom T-shirt worn by the elderly people to measure the angular velocity and acceleration of their daily living activities in real time. The velocity and acceleration data were sent via Bluetooth to a smartphone, which engages a program relay on the kNN algorithm to examine data and sense falls in the background. The smartphone then sent messages to the health center via the GSM network. A high fall detection accuracy of 97.7% was obtained, and specificity and sensitivity are 99% and 94%, respectively. In Reference [36], the physiological parameters (i.e., pulse rate, blood pressure, and temperature) of elderly people were monitored in addition to their falls. Falls were detected by a wrist sensor device, which included an accelerometer, a microcontroller, and a Bluetooth module. Physiological and fall information are sent to a tablet PC via Bluetooth to inform the medical staff about the conditions of the elderly people. Irregular conditions were automatically recognized, and warning messages were transmitted to the health center in real time. Experimental results demonstrated that the fall detection accuracy was 80%. Sensitivity and specificity were 87.5% and 75%, respectively, for a hard fall from standing position to the floor. However, the wrist sensor device was expected to consume a considerable amount of power because it continuously monitors physiological parameters and elderly falls during the test period.



An FDS based on Bluetooth module, microcontroller (ATmega88, Atmel, San Jose, CA, USA), and accelerometer (ADXL345B, Analog Devices, MA, USA) was designed and implemented by Oporto and Vilcahuaman [37]. The Bluetooth module sent an alert signal about the fall event through a mobile telephone that then transmitted an SMS to a health center or ambulance to request medical assistance. Low-power components were selected to reduce the overall power consumption of the FDS. A gyroscope and a three-axis accelerometer were integrated into a wearable sensor system (WSS) in Reference [38] to detect the fall of elderly adults. The WSS includes sensor modules (i.e., gyroscope and three-axis accelerometer), a microcontroller unit module, and a Wi-Fi module. The WSS was located on the chest of the subject to gather real-time motion information on daily activities such as walking, stepping, running, and falling. A detection algorithm was developed to precisely identify the activities of the elderly. The WSS transmitted the subject fall information to the receiving computer for real-time analysis of angular velocity and acceleration. Experimental results indicated that the proposed algorithm detects the subject’s fall relative to other daily activities with a sensitivity of 96.3% and a specificity of 96.2%. However, the power consumption of the module (i.e., Wifly RN131) was still high and consumed 40 mA in receiving mode and 210 mA in transmitting mode [39].



Currently, smartphone devices that comprise a wide set of implanted components include several sensors such as accelerometers, digital compasses, microphones, cameras, GPS, and gyroscope components. Wearable equipment and the acceleration measurement for fall detection can be supported because of the gradual decrease in smartphone cost. Accordingly, several smartphone devices have been used for fall detection over the last few years, such as in References [40,41,42,43,44,45,46,47,48]. However, in Reference [40], extra power was consumed by the Android monitoring system, as indicated by battery drain analysis in an assessment of the feasibility of FDSs [40]. The location of the subject was estimated based on tag and cellular localization [49] inside a hospital because localization accuracy is less critical in homecare systems. The objective of localization is to determine the presence of the subject in a particular area inside the hospital. Results indicated that fall sensitivity and specificity were 98.33% and 97.77%, respectively. The homecare monitoring system functioned for 3 weeks or approximately 490 h and could constantly monitor two elderly persons round the clock.



In Reference [50], a novel fall detection algorithm was developed to monitor movements and to distinguish a fall from regular daily activities of patients using a wearable device. In case the patient falls, the wearable device automatically transmits the patient’s location and requests caregivers for assistance. The software and hardware investigation of the wearable device essentially relied on a single accelerometer, microcontroller, GPS, and GSM module. An efficient fall detection quaternion algorithm was designed for outdoor applications with minimal resources. The wearable device was designed to work for 2 days only. Other approaches used to detect fall incidents are the use of a camera and SVM [51,52,53]. In Reference [51], the proposed FDS differs from others because it can work even in dark conditions. SVM was employed to determine if fall motion occurs. On the basis of the SVM method, the proposed method outperformed state-of-the-art methods in terms of accuracy (97.6%), with sensitivity and specificity of 95.3% and 100%, respectively.



Some studies such as References [54,55,56] adopted multiple-input multiple-output array [50] and Doppler radar [51,52] to sense and identify elderly fall and no-fall situations. However, the radar method has the following limitations and challenges: (i) it responds to any movement from other humans or non-human sources; (ii) the radar is exposed to jitter, which generates time-dependent additional noise and false person tracking; (iii) the detected person must be within the position of the antenna beam width; (iv) the reflected signal caused by the target is blocked by furniture; and (v) the person detection distance might represent a restriction, where the reflected signal is weak when the distance is increased [56]. A novel approach was presented in Reference [57]. It used fuzzy logic to identify the range and type of elderly fall, which includes position before fall, fall direction, fall velocity, and post-fall inactivity. Fuzzy logic facilitates elderly fall detection and categorizes it into one of the potential fall patterns. In addition, fuzzy logic could reduce the restrictions in parameter evaluation to introduce flexible and smooth decisions. Experimental results show that the proposed approach could sense dynamic and beacon falls and distinguish actual falls from wrongly identified falls.



The work presented here differs from these previous studies because it combines the measurements of tilt sensor, accelerometer sensor, and shock sensor to decide whether a fall event is happening or not. If the fall is real, then the FDS sends an alert signal to the CN to ensure that proper medical care is delivered instantly. The elderly fall incident is accurately estimated based on established artificial intelligence techniques such as ANN. The ANN was considered because of its minimum localization error as well as for its efficiency and speed compared to others localization techniques such as fingerprinting techniques. Where the fingerprinting techniques require memory cost, the setup is time consuming and any variation in network configuration like the adding of a new beacon, will imply forming a new database, meaning this technique is not so flexible. The FDS includes a simple standalone microcontroller (based on ATmega328P) and Zigbee wireless protocol in addition to the above three sensors. All these elements are embedded in a single sensor node. The option of a standalone microcontroller is considered to reduce the power consumption of the proposed system. The power consumption is significantly reduced by implementing a DDA, where the Zigbee transmits the data in the case of the subject falling and sleeps the rest of the time. Moreover, the size, weight, and complexity of the proposed system are minimized.




3. Methodology


3.1. Wireless Sensor Network for Elderly Fall Detection


The proposed elderly fall and localization WSN topology is applied in two indoor environment scenarios, namely, LOS and NLOS. A test area with a size of 40 × 30 m2 is the location for the trial implementation of the system, as shown in Figure 1. The WSN consists of six nodes; three beacon nodes (N1, N2, and N3), a sensor node (i.e., FDS), a router node (RN), and CN or sink node. Each beacon node includes Zigbee wireless protocols (XBee Series 2) powered from the main source, eliminating concerns about power consumption. The beacon nodes N1, N2, and N3 are fixed at the coordinates (0, 0), (0, 30), and (40, 15), respectively, to allow the collection of different RSSI values for ANN training, testing, and validation as shown in Figure 1. The beacon nodes are fixed on a surface 1.5 m above the ground to avoid the effect of the boundary of the first Fresnel Zone, hO (hO = 0.5    λ d    ). Where, in the current work,  λ  is the wavelength of the transmitted signal of the adopted 2.4 GHz wireless protocol and d is the distance between the antennae of the beacons and the sensor node (carried by the subject). The ground-reflected signal is available in the first Fresnel zone when hO is greater than or equal to the antenna height. The ground-reflected path has a significant effect on the power of the received signal [58]. For 2.45 GHz, hO is 0.125 m at a distance of 0.5 m between beacons and the subject, 0.958 m at a distance of 30 m, and 1.24 m at a distance of 40 m. Consequently, the height of the beacons nodes must be greater than 1.24 m, and thus the signal from the beacons can arrive intact at the sensor node.



The FDS shown in Figure 2 is wrapped around the waist of the subject, as shown in the snapshot in Figure 3a. The FDS comprises a tilt sensor (mercury switch), accelerometer sensor (ADXL 355B), shock sensor, microcontroller ATmega328P as a barebones unit to reduce the power consumption of the FDS, Zigbee wireless protocol (XBee Series 2), and a power unit (i.e., 3.7 V/1000 mAh rechargeable battery), as illustrated in Figure 3b. The RN is fixed on the ceiling in the middle of the hall to ensure communication with the FDS and the CN. All the distances between nodes in the network lie within the range of the XBee Series 2, which can achieve a 100 m communication range between two nodes [59]. The RN passes all fall and location information of the subject to the CN. The CN monitors the activities (fall and location) of the elderly person and sends the data to the caregiver during emergency cases. The CN can be connected to the gateway to transmit the information of the elderly person to remote locations through the Internet of Things platform, as shown in Figure 1.



The FDS is shown in Figure 2 and Figure 3, and introduces a simple hardware implementation which includes minimal interface and connection between sensors to the microcontroller and the wireless protocol. The digital tilt sensor and the shock sensor each have three connection pins for a physical interface with the microcontroller: supply voltage, ground, and output. Two pins are utilized to power the sensors with +3.3 V and the third pin is the digital and analog serial output signal for a tilt sensor and shock sensor, respectively. However, the accelerometer sensor requires two extra pins compared to the tilt and shock sensors. The microcontroller of the sensor node of the FDS is connected with the XBee S2 module via two pins, one for the data bus and the other for activating the XBee S2. The design of the router node is very simple, needing only to pass data from the sensor node to the coordinator node through the pin for the receive data (Rx) to the pin of the transmit data (Tx) using one wire. The XBee S2 of the coordinator node is connected to the PC though an Arduino microcontroller using the USB cable. It is clear that the structure of the FDS is uncomplicated.




3.2. Indoor Environment


The simulation was performed in the test area, as shown in Figure 4a,b. The two figures show the WSN topology explained in the previous section. The elderly subject carried the FDS and moved in a rectangular path inside the test area. Two scenarios, namely, LOS and NLOS, were considered in this study. The LOS scenario is shown in Figure 4a. The test area was proposed to be empty to ensure direct barrier-free communication between nodes in the network. The same area and subject path of LOS was adopted in the NLOS scenario illustrated in Figure 4b for a fair comparison of localization error. However, many obstacles or barriers such as walls, windows, and doors were proposed in the NLOS environment, as shown in Figure 4b. The FDS collected the fall information and raw data of the RSSI from three beacon nodes and transmitted them to the CN via RN. Consequently, the CN supported by a monitoring system such as PC, tablet, and notepad can estimate the location of the fallen subject to be sent to the caregivers.




3.3. RSSI Generation


RSSI was generated based on the log-normal shadowing model (LNSM). LNSM was employed because it is a traditional wireless path loss model [60]. Other studies have considered this technique for channel modeling in outdoor and indoor surroundings to estimate the distance between the nodes in WSN [61]. Other studies considered this model for channel modeling in outdoor and indoor surroundings to estimate the distance between the nodes in WSN [61]. On the basis of the path loss model in Equation (1), the path loss of the received signals from beacon nodes N1, N2, and N3 toward the sensor node (i.e., FDS) was obtained as shown in Figure 5a–c, respectively, for LOS and NLOS. The figures show that the path loss increases with the distance between the beacon nodes and the sensor node. The path loss of the signal in NLOS environments is greater than that in LOS environments because the barriers present in NLOS are absent in LOS.


   W l  =  W o  + 10 α l o  g  10   ( l /  l o  ) + γ      in   dB  



(1)




where the Wl is the path loss power at a distance of l meter, Wo is the path loss power at reference distance lo (1 m is recommended in most studies such as References [21,62,63]), and γ is the Gaussian random variable in decibels with zero-mean and standard deviation. The basic notations used in the current paper are summarized in Table 1.



Similarly, the RSSI can be generated based on the LNSM (Equations (2) and (3))


  R S S I =    W T  −  W l   



(2)






  R S S I =    W T  −  W o  − 10 α l o  g  10   ( l /  l o  ) − γ      in   dBm  



(3)




where WT is the transmitted power of the beacon node, and 2 dBm is adopted for XBee Series 2.



A higher transmitted power was selected to ensure communication between the beacon nodes and the sensor node (i.e., FDS) in the adopted configuration of WSN. The RSSI raw data were collected through the moving path of the subject inside the test area. A total of 280 RSSI samples from 280 locations between each beacon node and the sensor node were recorded. A total of 840 RSSI samples were collected to train, test, and validate the ANN for subject localization without any pre-processing for the raw data. Figure 6a–c show the RSSI with respect to the distance between the sensor node and beacon nodes N1, N2, and N3, respectively. The NLOS environment clearly affected the path loss of the wireless link more than the LOS environment did. Figure 5 and Figure 6 show convergence between the LOS and NLOS plots at close distances. However, the divergence between these plots increased with the distance because several barriers or obstacles in the path of the signal caused signal degradation.




3.4. Localization Technique


Localization techniques based on ANN can develop a complex mathematical correlation between the input and output variables. The input variables in the elderly fall detection application are the RSSI data, and the output or target variables are the elderly fall incident location x and y. ANN was used to automatically learn nonlinear approximation algorithms. Therefore, ANN is suitable for the current application where the collected RSSIs are nonlinear data. In the current work, a backpropagation (BP) neural network-based Levenberg-Marquardt (LM) algorithm was adopted for training, testing, and validating the collected data of RSSI and the elderly fall incident location. The BP-based LM was selected because it provides the smallest localization error, as confirmed in References [26,63,64], efficiency, and high convergence speed. However, it needs a large operating memory [65]. In training, testing, and validation of ANN, 840 samples of RSSI raw data were used as follows: 70% (588 samples) for training, 15% (126 samples) for testing, and 15% (126 samples) for validation as recommended in References [26,66,67] to accurately determine the elderly fall and incident location for LOS and NLOS environments. Before training, testing, and validating ANN data, the numbers of inputs, outputs, hidden layers with its neurons, and learning rate must be determined. In this paper, three inputs (RSSI_N1, RSSI_N2, and RSSI_N3) and two outputs (x and y) were employed.



Several hidden layers and neurons were executed to allow the ANN to provide less time consumption and minimum fitness function (i.e., mean squared error (MSE)). Fitness function and time consumption were compromised to obtain the best number of hidden layers and neurons in ANN. The ANN was trained, tested, and validated to obtain the MSE performance for 5, 10, 15, and 20 neurons in each hidden layer for LOS and NLOS as shown in Figure 7 and Figure 8, respectively. Several neurons in each hidden layer are implemented to allow the ANN to choose the neurons that can perform the minimum MSE and elapsed time. Figure 7d and Figure 8d show that 20 neurons provide the best performance for the ANN because they achieve a MSE of approximately 9.447 × 10−6 (validation) and 3.447 × 10−3 (validation) after 100 epochs for LOS and NLOS, respectively. With regards to the other neurons, 5, 10, and 15 neurons demonstrate high MSE. On the other hand, one hidden layer was trained, tested, and validated for 5, 10, 15, and 20 neurons to investigate the performance of ANN. Figure 9a,b show the performance of MSE of validation data for the LOS and NLOS using one hidden layer, respectively. The figures exhibit lower MSE performance than two hidden layers, where they achieve a MSE of 0.00195 and 0.1177 at 100 epochs for LOS and NLOS, respectively. As a result, two hidden layers, each of which includes 20 neurons, are considered in this study because it achieves lower MSE. The learning rate (LR) (i.e., LR = 0.535) was selected to achieve the minimum fitness function for indoor environments as proven in Reference [26]. One-hundred iterations were chosen to reduce the time consumption of ANN. According to these parameters, the ANN architecture, shown in Figure 10, was adopted to determine the elderly fall location. The mean absolute error (MAE) was utilized as a fitness function of the ANN algorithm to evaluate the localization error in x and y locations as illustrated in Equations (4)–(6).


  M A  E x  =  1 n    ∑   i = 1  n     |   x  a c t u a l   −  x  e s t i m a t e d    |   



(4)






  M A  E y  =  1 n    ∑   i = 1  n     |   y  a c t u a l   −  y  e s t i m a t e d    |   



(5)






  M A E =   M A  E x  + M A  E y   2   



(6)




where n is the number of tested samples (i.e., 280 samples for each input), xactual and yactual are the actual locations for the x and y coordinates, and xestimated and yestimated are the estimated locations for x and y coordinates obtained from ANN. The details of the ANN process based on the previous description and equations are presented in the flow diagram in Figure 11.




3.5. Fall Detection and Data-Driven Algorithm


S-BFDA and DDA are merged into one algorithm (Algorithm 1) and launched inside the microcontroller to reduce the power consumption and computational process of the sensor node microcontroller. Algorithm 1 shows the S-BFDA as dashed-line boxes and DDA as dash–dot boxes. The S-BFDA is based on the threshold of the (i) tilt sensor, (ii) angle of incidence, and (iii) shock to the ground when their peak values are above or below the threshold. The tilt sensor sends an interrupt digital signal (Logic 1) to activate the microcontroller once the elderly fall happens in one of the following situations: (i) backward fall, (ii) forward fall, (iii) right-side fall, and (v) left-side fall. The microcontroller in turn activates the accelerometer and shock sensors by supplying them with power and sends a digital control signal to awaken the Zigbee. On the basis of Cartesian coordinates xyz for the subject shown in Figure 12, the accelerometer sensor can be used to measure the angle of fall θ(t) of the subject by applying Equation (7) [68,69].


  θ  ( t )  = c o  s  − 1    (     a x   ( t )       a x     ( t )   2  +  a y     ( t )   2  +  a z     ( t )   2       )   



(7)




where ax(t), ay(t), and az(t) are the accelerations along the x, y, and z axes, respectively.



The shock sensor detects the elderly shock to the ground, and the tilt sensor detects the inclination of the subject during the fall. However, real-time fall detection may be compromised by false-alarm data from lying and falling positions. The S-BFDA is proposed to overcome this problem by fusing the tilt, angle, and shock measurements. Accordingly, the fall detection accuracy is satisfactory, and results indicate that the proposed FDS is energy efficient and can be used for accurate fall detection. In the proposed DDA, the components of the sensor node (i.e., sensors and Zigbee) are deactivated except for the microcontroller, which operates in low-power mode. The microcontroller continues to work in low-power mode to monitor the elderly fall on the basis of the tilt sensor. If the angle (which is derived from the accelerometer reading Equation (7)), shock, and tilt values exceed their threshold levels, an alert signal is sent to the CN via RN. In other words, upon a change in logic from ZERO to ONE for tilt and shock sensors and an angle of more than 45°, the microcontroller activates the Zigbee wireless protocol to transmit the fall event. The Zigbee simultaneously measures the RSSI values of the three beacon nodes. Once the measurements are completed, the FDS transmits an alert signal, including the fall of the elderly and the collected RSSI values, to the CN via the RN. When the transmission process is complete, the FDS returns to sleep mode to save energy. The strategy of switching between wake and sleep modes will significantly improve the power consumption of the sensor node. The sensor node transmits data infrequently and briefly and sleeps most of the time.
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4. Power Consumption Analysis


The current and time consumption for each component of the FDS is measured by using an ampere meter for sleep and active modes, as shown in Table 2. The table illustrates the current consumption for each component of the FDS. Subsequently, the average current consumption (Iavg) of the FDS of 676 µA is acquired by applying Equations (8)–(10) [70].


   I  A v g   =  I  A v  g  T L     +  I  A v  g  A C C     +  I  A v  g  S H     +  I  A v  g  M R     +  I  A v  g  Z B      



(8)




where IAvg_TL, IAvg_ACC, IAvg_SH, IAvg_MR, and IAvg_ZB are the average current consumption of the tilt sensor, accelerometer sensor, shock sensor, microcontroller, and Zigbee model, respectively. The average current consumption of each element of the FDS can be expressed as follows:


       I  A v g _ T L   = D C ×  I  a c t i v e _ T L   +  (  1 − D C  )   I  s l e e p _ T L        I  A v g _ A C C   = D C ×    I  a c t i v e _ A C C   +  (  1 − D C  )   I  s l e e p _ A C C        I  A v g _ S H   = D C ×  I  a c t i v e _ S H   +  (  1 − D C  )   I  s l e e p _ S H        I  A v g _ M R   = D C ×  I  a c t i v e _ M R   +  (  1 − D C  )   I  s l e e p _ M R        I  A v g _ Z B   = D C ×  I  a c t i v e _ Z B   +  (  1 − D C  )   I  s l e e p _ Z B       }  



(9)




where Iactive and Isleep are the active and sleep current consumption of the element of the FDS, respectively. DC is the duty cycle, which can be calculated from the ratio of the active time (tactive) to the total time (Ttotal). The active time is at least 1 min to cover the fall detection event, and the total time is 24 h (1440 min) assuming the subject falls once a day.



The sleep current of the tilt, accelerometer, and shock sensors is equal to zero because these sensors are supplied with power from the microcontroller, as shown in Algorithm 1. Accelerometer and shock sensors are supplied with power only when the elderly fall event happens. Thus, Equation (8) will become


      I  A v g   = D C ×  I  a c t i v e _ T L   + D C ×  I  a c t i v e _ A C C   + D C ×  I  a c t i v e _ S H                + [ D C ×  I  a c t i v e _ M R   +  (  1 − D C  )     I  s l e e p _ M R   ] + [ D C ×  I  a c t i v e _ Z B                +  (  1 − D C  )     I  s l e e p _ Z B   ]     



(10)







The total current consumption of the sensor node in conventional operation (i.e., without any power reduction algorithm) is approximately 41.17 mA. The total current consumption of the FDS in typical operation is significantly higher than the average current consumption of the FDS when the DDA is applied. Therefore, this algorithm appears to be promising for such applications as it extends the battery life and saves a large amount of energy. Equation (11) [71] can be used to compute the percentage of power savings of the FDS relying on DDA. As a result, the performance of the FDS in terms of power consumption is proven.


     P o w e r   s a v i n g s  ( % )              =  (  1 −   C u r r e n t   c o n s u m p t i o n   b a s e d   o n   D D A   C u r r e n t   c o n s u m p t i o n   b a s e d   o n   c o n v e n t i o n a l   o p e r a t i o n    )              × 100 %     



(11)








5. Results and Discussions


5.1. Fall Detection Results


Multiple fall positions have been adopted to evaluate the performance of the S-BFDA, as shown in Figure 13. First, the data from the accelerometer, shock, and tilt sensors was collected in the standing position. The sensor data was then recorded during backward/forward, right-side, and left-side falls. We found no data from the sensors in the first case (Figure 13a). By contrast, fall information was generated by the sensors in other fall cases, as shown in Figure 13b–d. The fall detection information (i.e., inclination angle) and the RSSI values of the three beacon nodes were transmitted to the CN using the Zigbee wireless protocol via router node to be viewed on a PC. The fall detection information can be plotted in real time using the MakerPlot data acquisition software [72], as shown in Figure 14. The figure shows that 7 s are required from standing to the fall case.



The data packet structure of the ZigBee consists of 127 bytes maximum, 31 bytes (overhead) and 96 (payload) [70]. In our application, the transmitted data packet length of FDS includes 42 bytes. The payload consists of 11 bytes and 31 out of 42 bytes for overhead. The payload bytes, namely, (i) four bytes for identification of the beacon nodes and angle of fall, (ii) two bytes for RSSI1 value of the N1 node, (iii) two bytes for RSSI2 value of the N2 node, (iv) two bytes for RSSI3 value of the N3 node, and (iv) two bytes for angle of fall. The data rate of the ZigBee is 250 Kbps, and therefore the transmission time (tx) of XBee S2 can be calculated based on Equation (11). Consequently, the active transmission time for ZigBee in the sensor node of the FDS is 11.554 ms. Given that, the time from the standing case to the fall case is 7 s as shown in Figure 11, therefore the total time required for transmitting alarm information and localization is 7.11554 s.


   t x  =  t  S w   +  l S   



(12)




where tSW is the transient time of ZigBee from sleep mode to active mode. XBee S2 consumes 10.2 ms when hibernate pin sleep is used. l is the data packet length (i.e., 42 = 336 bits) of XBee S2 in bits, and S is the XBee S2 data rate.



The experiment was conducted in LOS and NLOS because daily activities occur in both environments. Such a procedure was adopted to observe the effects of these surroundings and evaluate the accuracy of the proposed system. Therefore, the accuracy of the elderly fall location is 100% (all 40 fall events were detected for LOS) and 92.5% (3 out of 40 fall events were deviant for NLOS) as illustrated in Table 3. These results are expected because of path loss increases, and the received power attenuates with distances more in NLOS than in LOS, as seen in Figure 5 and Figure 6.




5.2. Elderly Localization Results


Two scenarios were implemented to investigate the localization of the subject on the basis of Zigbee WSN using a MATLAB simulation. The first scenario was conducted in the LOS environment, and the other scenario was applied in the NLOS environment.



5.2.1. LOS Environment


The performance of ANN can be evaluated based on the regression line and MSE. Figure 15 shows the correlation between the actual locations (i.e., target, which represents pre-defined locations) on the x-axis and estimated locations (i.e., output obtained from ANN) on the y-axis for training, testing, validation, and all data. The regression coefficient (R) in the figure can be adopted in evaluating the elderly fall localization accuracy of the estimated location. The figure reveals that the correlation between the actual and estimated locations agree with each other for all cases. The R shows a linear fit, and its value is 1. Figure 16 shows the development of the MSE of the ANN during the training, testing, and validation phases. The MSEs at the final point (i.e., 100 epochs) are 2.287 × 10−6, 4.929 × 10−6, and 2.841 × 10−6 for training (dash), testing (dot), and validation (dash–dot), respectively. The performance of the training data is lower than the goal set (i.e., 2.841 × 10−6) beyond 85 epochs, as shown in Figure 16, implying a successful end of the suggested ANN. The performance plot indicates the following: (i) a small MSE, (ii) the validating MSE is better than the testing MSE, and (iii) no overfitting during testing and validation.



Figure 17 shows the histogram errors for the ANN model of training (blue bar), testing (red bar), and validation (black bar) data. Outliers can be employed to define the quality of the specified data. In the proposed system, a large amount of collected data (i.e., 840 RSSI values) are considered for training, testing, and validation to improve the localization accuracy and neural network operation. Each input of the neural network employs 280 RSSI values. Hence, few outlier data points are observed in the histogram plot (Figure 17). More errors are distributed between −0.00391 and 0.00417. However, the highest errors for training and testing data points are 0.00659 and 0.00901, respectively, relative to the rest of the dataset errors. The minimum error of 0.000132 is concentrated at 135 bins for the three types of dataset.



Forty-two out of 280 positions were used to estimate the elderly fall location in evaluating the subject localization based on ANN. A total of 280 RSSI values collected from each beacon node were used for training (70%), testing (15%), and validating (15%) the neural network. After training, the ANN was employed for testing and validation to locate 42 unknown positions (the approximate spacing between positions is of the order of 3 m) in the 30 × 40 m2 test area, as shown in Figure 18. The figure shows the estimated and actual locations of 42 positions represented by circle and square symbols, respectively. Minimal difference between the actual and the estimated locations was observed. The MAE was approximately 0.0094 m for LOS environments. As a result, the suggested localization technique can produce accurate elderly fall localization. Figure 19a,b show the errors in the x-axis and y-axis, respectively. Both figures show small estimated errors for x and y locations, as obtained from ANN.




5.2.2. NLOS Environment


Similar to LOS environments, the same procedures can be adopted to evaluate the performance of ANN and the localization accuracy of elderly fall in NLOS environments. The performance of ANN can be estimated based on R and MSE. Figure 20 shows the correlation between the actual (i.e., target, which represents pre-defined locations) and estimated locations (i.e., output obtained from ANN) for training, testing, validation, and all data. The figure reveals that the correlation between the actual and estimated locations slightly deviates from each other, with its value being 0.997 for all cases. Figure 21 shows the MSE of ANN during the training, testing, and validation stages. The MSEs at the final point (i.e., 100 epochs) are 4 × 10−3, 5.607 × 10−3, and 4.648 × 10−3 for training (dash), testing (dot), and validation (dash–dot), respectively. The performance of the training data is lower than the goal set (i.e., 4.648 × 10−3) beyond 90 epochs as shown in Figure 21, implying a successful end of training of the suggested ANN. The performance plot in terms of MSE indicates that MSE is small, the validation MSE is better than the testing MSE, and no overfitting occurred during the validation and testing process. Figure 22 shows the histogram errors for the ANN model of training (blue), testing (red), and validation (black) data. Outliers can be employed to define the quality of the specified data. The number of collected data of the NLOS is similar to that used in LOS environments. Hence, a small number of outlier data points are detected in the histogram plot (Figure 22). More errors are distributed between −0.1849 and 0.1888. However, the highest error of 0.1888 was observed for training, testing, and validation data. The minimum error of −0.0079 is concentrated at 123 bins for the three types of datasets.



Forty-two out of 280 positions were used to estimate the elderly fall location and evaluate the subject localization based on ANN. A total of 280 RSSI values collected from each beacon node were used for training (70%), testing (15%), and validating (15%) the neural network. After training, ANN was employed for testing and validation to locate 42 unknown positions in the 30 × 40 m2 test area, as shown in Figure 23. The figure shows the estimated and actual locations of 42 positions represented by circle and square symbols, respectively. Some circles that represent the estimated locations lie far from the actual location (square symbol). The MAE is approximately 0.0454 m for NLOS environments. As a result, the proposed localization technique can produce precise elderly fall localization. Figure 24a,b show the errors in the x-axis and y-axis, respectively. Both figures show relatively small estimated errors for x and y positions obtained from ANN. However, the elderly fall localization error in LOS environments is better than that in NLOS environments in terms of MAE.





5.3. Power Consumption Estimation Results


DDA can reduce the power consumption of the FDS to 676 µA. As a result, the sensor node battery life can be prolonged to 1480 h (62 days) by using a lithium-ion battery with a capacity of 3.7 V/1000 mAh. Consequently, power savings of 98% can be achieved for the FDS by applying Equation (11). The current consumption based on DDA is lower than that of traditional operation (without the DDA), which yields a total current consumption of 41.17 mA. A relationship between battery capacity (on the x-axis) and estimated battery life (on the y-axis) can be established, as shown in Figure 25. The figure shows two dash–dot and dashed curves. The dashed curve represents the life of the FDS in traditional operation (without DDA), whereas the dash–dot curve represents the estimated battery life of the FDS based on DDA. The figure reveals that the power consumption of the FDS is significantly improved by using DDA.





6. Comparison Results


The comparison results in this work can be divided into three types.



6.1. Comparison of Fall Detection Accuracy


Fall detection accuracy in this study depends on the environment, sensor accuracy, and sensor position. When the tilt sensor in the FDS detects an elderly fall, the Zigbee is awakened and starts to measure the data of the angle of incidence, the shock that occurs when the subject falls to the ground, and the RSSI values of the three beacon nodes. The sensor node transmits an alert signal for the elderly fall and the RSSI values to the CN via RN so that a team of caregivers can be dispatched and the elderly fall can be localized. Consequently, the accuracy of the elderly fall detection in this study is comparable to that in previous studies, as shown in Table 4. The table shows different methods or algorithms that have been used for elderly fall detection along with their accuracies, adopted wireless protocols, and sensors with related positions on the body of the elderly people, as well as the test conditions. The performance of the current work in terms of fall detection accuracy is achieved based on hardware implementation (Section 3.1) and this is validated by fall detection and data-driven algorithms (Section 3.5) and measurement of fall detection accuracy on site (Section 5.1). The comparison with other related works was accomplished based on the measurement values of previous works from the literature. The performance of accuracy of previous works is presented in detail in related works (Section 2). The fall detection accuracy in this study consistently outperforms state-of-the-art methods for LOS surroundings and is similar or superior to previous works for NLOS environments, as illustrated in Table 4. The fall detection accuracy in this study is consistent with the findings of Aziz et al. [73] and Wang et al. [74], which achieved 99.99% and 100% accuracy, respectively, based on SVM.




6.2. Comparison of Localization Errors


The proposed ANN localization technique can be compared with several studies that adopted different soft computing localization techniques in terms of MAE, such as particle bacterial foraging algorithm (BFA) and PSO [104], ANN [64,105,106,107,108,109], gravitational search algorithm hybrid with neural network (GSA-ANN) [26], PSO hybrid with neural network (PSO-ANN) [63,110], quantum swarm optimization (QPSO) [111], neuro-fuzzy (NF) and genetic fuzzy (GF) [112], and extreme learning machine (ELM) [113] for indoor environments, as shown in Figure 26. The performance of the current work in terms of MAE is achieved based on the methodology that has been presented in Section 3.2 through 3.5, and this is validated by simulation implementation (Section 3.2) and simulation results (Section 5.2) for LOS and NLOS environments. The comparison with other related works was achieved based on the estimated values of the previous works from the literature. The performance of the MAE of previous works is presented in Figure 26. Most of these studies are similar to the current study because they use Zigbee wireless protocol and RSSI to train data on the basis of soft computing techniques. The Zigbee wireless protocol is considered in most of these works because its RSSI can be easily measured and no extra hardware is needed. For the previous techniques, the RSSI values were used as inputs to the soft computing system, whereas the sensor node location of the coordinates (x and y) or distance between nodes were considered as outputs. The adopted elderly fall ANN localization techniques of the FDS outperform the other techniques in terms of MAE, with 0.0094 and 0.0454 m for LOS and NLOS, respectively, as shown in Figure 26. In this paper, a minimum localization error was obtained based on simulation in Matlab. However, in a real environment, the localization error is expected to be higher than the simulation results. These results are better than the requirements for the elderly localization system reported by Wang et al. [114], where the localization accuracy ranged between 0.5 and 1 m in terms of MAE. In addition, the root mean-squared error (RMSE) in the current study (0.014 for LOS and 0.0402 for NLOS) is significantly superior to that in Kianoush et al. (0.3) [101].




6.3. Power Consumption Comparison


The proposed FDS that uses DDA can be compared with state-of-the-art methods to assess the performance of the suggested system. The performance of the presented work in terms of current drain is achieved based on the methodology that has been presented in Section 3.5 and Section 4 and this is validated by hardware implementation (Section 3.1) and estimated battery life (Section 5.3) based on current consumption measurements in Section 4. The comparison with other related works was accomplished based on the measurement values of the previous works from the literature. The performance of the average current consumption of previous works is presented in related works (Section 2) and in Figure 27. The previous works are plotted on the x-axis, and the estimated battery life of the sensor node is plotted on the y-axis, as shown in Figure 27. For a fair comparison between the proposed FDS and previous works [24,50,68,71,87,90,115,116,117,118,119,120,121], the battery life of the proposed systems in the previous works was recalculated based on 1000 mAh. Most of these works are similar to our proposed system because they use different fall detection algorithms to monitor elderly fall events or activities. These articles used different wireless protocols such as Zigbee, WiFi, Bluetooth, and GSM modems to transmit elderly fall events or human activities from the sensor node (worn by the elderly subject) to the sink node. Clearly, the proposed FDS based on DDA outperforms previous systems in terms of battery life, which is extended to 1480 h (62 days), as shown in Figure 27.





7. Conclusions


This paper addresses three problems related to elderly fall detection, elderly fall localization, and sensor node power consumption. With the use of S-BFDA, an elderly fall is detected with high accuracy in LOS and NLOS environments. The elderly fall is detected by utilizing a combination of accelerometer, tilt, and shock sensors to avoid false detection. An accelerometer sensor is used to measure the inclination angle of the elderly subject during a fall. Most researchers prefer to use the accelerometer sensor because of its small size, high accuracy, and low power consumption. Moreover, it can measure the acceleration in three linear degrees of freedom, namely, x, y, and z. As a result, the proposed S-BFDA achieves 100% and 92.5% fall detection accuracy for LOS and NLOS environments, respectively. The fall detection accuracy in NLOS may increase or decrease depending on the barriers in the tested area. The ANN technique is proposed to localize the elderly fall while the subject is moving in test areas such as a hospital or house. The performance of ANN is explored in terms of MAE, where the ANN technique achieves minimum localization error.



The MAE was 0.0094 and 0.0454 m for LOS and NLOS, respectively, thereby indicating that the MAE in LOS is approximately five times better than that in NLOS environments. The FDS has limited energy resources, and its battery can be exhausted in a short time. To address this problem, an energy-efficient technique (i.e., DDA) is proposed in this paper. The proposed DDA significantly minimized the power consumption and prolonged the battery life of the FDS. The FDS can work for 62 days without needing to replenish the battery unlike in existing implementations (i.e., without DDA, where the FDS can operate for one day only). Finally, the proposed S-BFDA, ANN technique, and DDA outperform previous systems in terms of accuracy, MAE, and battery life. The results indicate that the proposed system is reliable and can be used in fall detection and localization of elderly people and patients that need special care in indoor environments. For future work, several techniques can be suggested to further improve the power consumption and prolong the battery life of the FDS, as well as minimize the localization error, especially for indoor NLOS environments. The changing of patient location from one place to another can provide a future opportunity to continue the current study to further understand and capture the relevant challenges of the patient’s location, especially in practical applications.
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Figure 1. Topology of WSN of the subject fall and localization system. 
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Figure 2. FDS architecture. 
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Figure 3. Proposed FDS (a) fastened to the subject individual’s waist, (b) its components. 






Figure 3. Proposed FDS (a) fastened to the subject individual’s waist, (b) its components.



[image: Energies 11 02866 g003]







[image: Energies 11 02866 g004 550] 





Figure 4. Adopted indoor environments (a) LOS and (b) NLOS. 
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Figure 5. Path loss between beacon nodes and sensor node for LOS and NLOS (a) N1-sensor node, (b) N2-sensor node, and (c) N3-sensor node. 
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Figure 6. RSSI between beacon nodes and sensor node for LOS and NLOS: (a) N1-sensor node, (b) N2-sensor node, and (c) N3-sensor node. 
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Figure 7. Performance of MSE of training, testing, and validation data for the LOS environments for (a) 5, (b) 10, (c) 15, and (d) 20 neurons. 
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Figure 8. Performance of MSE of training, testing, and validation data for the NLOS environments for (a) 5, (b) 10, (c) 15, and (d) 20 neurons. 
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Figure 9. Performance of MSE of validation data for the (a) LOS and (b) NLOS environments using one hidden layer. 
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Figure 10. Architecture of adopted ANN. 
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Figure 11. Flow diagram of ANN. 
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Figure 12. Geodetic coordinates of the elderly. 
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Figure 13. Different postures: (a) standing, (b) backward fall, (c) right-side fall, and (d) left-side fall. 
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Figure 14. Plot of tilt, shock, and angle measurements based on MakerPlot software. 
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Figure 15. Regression coefficient (R) of the ANN algorithm for (a) training, (b) testing, (c) validation, and (d) all data for the LOS environments. 
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Figure 16. Performance of MSE of training, testing, and validation data for the LOS environments. 
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Figure 17. Histogram errors for the ANN model of training, testing, and validation data for LOS environments. 
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Figure 18. Actual and estimated locations for indoor LOS environments. 
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Figure 19. Elderly fall location errors at LOS environments for the (a) x-axis and (b) y-axis. 
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Figure 20. Regression coefficient (R) of the ANN algorithm for (a) training, (b) testing, (c) validation, and (d) all data for the NLOS environments. 
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Figure 21. Performance of MSE of training, testing, and validation data for the NLOS environments. 
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Figure 22. Histogram errors for the ANN model of training, testing, and validation data for NLOS environments. 
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Figure 23. Actual and estimated locations for indoor NLOS environments. 
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Figure 24. Elderly fall location errors at NLOS environments for (a) x-axis and (b) y-axis. 
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Figure 25. Battery capacity against estimated battery life for the FDS. 
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Figure 26. Comparison between MAE of the proposed ANN technique and previous techniques. 
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Figure 27. Comparison between battery life of the proposed S-BFDA and previous system. 
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Table 1. Notations and definitions.






Table 1. Notations and definitions.





	Symbols
	Definitions
	Symbols
	Definitions





	Wl
	Path loss power
	IAvg_TL
	Average current consumption of the tilt sensor



	Wo
	Path loss power at reference distance = 1 m
	IAvg_ACC
	Average current consumption of the accelerometer



	WT
	Transmitted power of the beacon node
	IAvg_SH
	Average current consumption of the shock sensor



	α
	Path loss exponents
	IAvg_MR
	Average current consumption of the microcontroller



	γ
	Standard deviation
	IAvg_ZB
	Average current consumption of the ZigBee



	l
	Distance under test
	DC
	Duty cycle



	lo
	Reference distance (1 m in this study)
	Iactive_TL
	Active current consumption of the tilt sensor



	RSSI
	Received signal strength indicator
	Isleep_TL
	Sleep current consumption of the tilt sensor



	xactual
	Actual location for the x coordinate
	Iactive_ACC
	Active current consumption of the accelerometer



	xestimated
	Estimated location for the x coordinate
	Isleep_ACC
	Sleep current consumption of the accelerometer



	yactual
	Actual location for the y coordinate
	Iactive_SH
	Active current consumption of the shock sensor



	yestimated
	Estimated location for the y coordinate
	Isleep_SH
	Sleep current consumption of the shock sensor



	MAEx
	Mean absolute error for the x coordinate
	Iactive_MR
	Active current consumption of the microcontroller



	MAEy
	Mean absolute error for the y coordinate
	Isleep_MR
	Sleep current consumption of the microcontroller



	MAE
	Mean absolute error
	Iactive_ZB
	Active current consumption of the ZigBee



	n
	Number of tested RSSI samples
	Isleep_ZB
	Sleep current consumption of the ZigBee



	θ(t)
	Angle of fall
	Ttotal
	Total time of duty cycle



	ax(t)
	Accelerations along the x-axis
	tx
	Transmission time of ZigBee



	ay(t)
	Accelerations along the y-axis
	tsw
	Time transient from sleep to active modes



	az(t)
	Accelerations along the z-axis
	l
	data packet length of ZigBee



	Iavg
	Average current consumption of FDS
	S
	ZigBee data rate
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Table 2. Current and time consumption of each component of the FDS.






Table 2. Current and time consumption of each component of the FDS.





	
Parameter

	
Tilt Sensor

	
Accelerometer Sensor

	
Shock Sensor

	
Microcontroller @ 4 MHz

	
ZigBee (XBee S2)






	
Iactive (mA)

	
0.4

	
0.27

	
0.5

	
2.5

	
37.5




	
Isleep (mA)

	
0

	
0

	
0

	
0.09

	
0.56




	
tactive (min)

	
1

	
1

	
1

	
1

	
1




	
*tsleep (min)

	
1439

	
1439

	
1439

	
1439

	
1439




	
Ttotal (min)

	
1440

	
1440

	
1440

	
1440

	
1440




	
DC

	
6.4 × 10−4

	
6.4 × 10−4

	
6.4 × 10−4

	
6.4 × 10−4

	
6.4 × 10−4




	
Isubtotal (µA)

	
0.258

	
0.174

	
0.322

	
91.553

	
583.804




	
Average current consumption based DDA = 676 µA




	
Total current consumption in conventional operations = 41.17 mA




	
*tsleep = Ttotal − tactive, all components working at +3.3 Volts.
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Table 3. Fall detection accuracy of the proposed sensor-based approach.
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	Environments
	Fall Detected (FD)
	Fall Not Detected (FND)
	False Alarm (%) (False Alarm = FDN/FD)
	Accuracy (%) (Accuracy = FD/TE)





	LOS
	40
	0
	0
	100



	NLOS
	37
	3
	8.1
	92.5







TE: Total event = 40.
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Table 4. Comparison Between the accuracy of the adopted ANN technique and fall detection algorithms in previous studies.
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Ref./Year

	
Fall Detection Algorithm

	
Wireless Protocol/Technology

	
Sensor Type

	
Sensor Location

	
Test Conditions

	
Acc. (%)






	
[47]/2012

	
ANN

	
BT, IEEE 802.15.4

	
Tri-axial accelerometer

	
Waist

	
Indoor, outdoor

	
81.4




	
[75]/2013

	
Fuzzy Logic

	
3D motion analysis

	
Camera

	
Shoulder, spine, hip

	
N/A

	
98.6




	
[76]/2014

	
k-NN with weighted RSSI

	
ZigBee

	
Tri-axial accelerometer

	
Waist

	
Indoor

	
88.62




	
[77]/2014

	
Hierarchical rule-based

	
WiFi

	
Accelerometer, GPS, magnetic, orientation

	
Waist

	
Indoor

	
95




	
[38]/2015

	
Threshold-based

	
WiFi (IEEE 802.11 b/g)

	
Tri-axial accelerometer Tri-axial gyroscope

	
Chest

	
Indoor

	
90




	
[78]/2016

	
SVM

	
HD camera

	
Camera

	
Head

	
Indoor, outdoor

	
90.27




	
[79]/2016

	
SVM

	
BT

	
Tri-axial accelerometer

	
Waist

	
Indoor

	
94.58




	
[80]/2016

	
Fuzzy dynamic

	
Kinect camera

	
Accelerometer

Image

	
Camera

Parallel to the floor

	
Indoor

	
92.86




	
ANFIS and SVM

	
95.71




	
Fuzzy beacon and dynamic

	
97.14




	
[35]/2016

	
k-NN and sliding window

	
BT

	
Tri-axial accelerometer Tri-axial gyroscope

	
Upper trunk

	
Indoor

	
97.7




	
[81]/2016

	
ANN, RBF, k-NN

	
BT

	
Tri-axial accelerometer

	
Chest

	
Indoor

	
99




	
[82]/2017

	
SVM, Threshold-based

	
WiFi

	
Accelerometer

Gyroscope

	
Waist, hand, chest, arm

	
Indoor

	
79.13




	
[83]/2017

	
k-NN, NB, SVM, BN, DT, LR, MP

	
Smartphone

	
Tri-axial accelerometer

	
N/A

	
N/A

	
81.4 (k-NN)




	
[84]/2017

	
SVM, NNC, DT, DA

	
WiFi

	
Tri-axial accelerometer, Tri-axial gyroscope, proximity, compass

	
Left, right, front-pockets

	
Indoor

	
90




	
[85]/2017

	
Compressed sensing

	
IEEE 802.15.4

	
Motion

	
N/A

	
Indoor

	
90.9




	
[86]/2017

	
Data-level fusion

	
UWB radar system

	
Doppler signatures

	
L-shape geometry

	
Indoor

	
91.63




	
Decision level fusion

	
79.63




	
Sensor selection

	
86.99




	
[87]/2017

	
SVM

	
BT LE

	
Smartwatch

	
Wrist

	
N/A

	
93.8




	
[88]/2017

	
SVM

	
Microsoft kinect

	
Microsoft kinect

	
Skeletal joints

	
Indoor

	
93.6




	
[89]/2017

	
Camera-based

	
Microsoft lifeCam

	
Camera

	
Waist

	
Indoor, outdoor

	
93.78




	
[90]/2017

	
Fall Risk Index (FRI)

	
Bluetooth LE

	
Accelerometer, Gyroscope, Pressure

	
Insoles

	
Indoor

	
93.9




	
[91]/2017

	
Depth image

	
Microsoft kinect

	
Infrared (IR)

	
Skeletal joints

	
Indoor

	
93.94




	
[92]/2017

	
SVM

	
WiFi

	
Without sensors (signal path)

	
Beacon AP

	
Indoor (LOS)

	
90




	
RF

	
95




	
[93]/2017

	
SVM

	
Bluetooth

	
Accelerometer

	
Lumbar

	
Indoor, outdoor

	
94.58




	
[94]/2017

	
k-NN

	
Membership histogram descriptor

	
Camera (video frames)

	
Constant camera

	
Indoor

	
94.73




	
[95]/2017

	
Vision-based

	
Video samples

	
Videos of different postures

	
Constant camera

	
Indoor

	
94.9




	
[96]/2017

	
Ameva

	
Smartphone

	
Electromyogram, accelerometer

	
Hand, wrist

	
Indoor, outdoor

	
95




	
[97]/2017

	
Threshold-based

	
Arduino

UNO and Matlab

	
Tri-axial accelerometer

Tri-axial gyroscope

	
Wrist

	
Indoor

	
95




	
[68]/2017

	
BN and SW

	
BT class 2

	
Tri-axial accelerometer

Tri-axial gyroscope

	
Vest

	
Indoor, outdoor

	
95.67




	
[98]/2017

	
Dataset

	
Data store in SD card

	
Accelerometer and gyroscope

	
Waist

	
Indoor, outdoor

	
96




	
[99]/2017

	
SVM

	
RFID

	
RFID Tag

	
Neck

	
Indoor

	
96




	
[100]/2017

	
SVM, LR, k-NN, NB, DT

	
N/A

	
Tri-axial accelerometer

	
Waist

	
Indoor

	
96 (SVM)




	
[23]/2017

	
SVM, ANN

	
Smartphone

	
Tri-axial accelerometer, Tri-axial gyroscope

	
Worn on the body

	
Indoor

	
91.71 (SVM)

96.07 (ANN)




	
[101]/2017

	
Hidden Markova model

	
WiFi (802.11 g), ZigBee

	
3D image sensors

	
Ceiling-cameras

	
Indoor

	
98




	
[102]/2017

	
VI Fusion-based, SVM

	
Smartphone

	
Tri-axial accelerometer, visual camera

	
Users’ pocket

	
N/A

	
98.9




	
[103]/2017

	
Threshold-based Knowledge-based

	
N/A

	
Tri-axial accelerometer

	
Waist, knee, elbow, head

	
Indoor

	
99.33




	
[73]/2017

	
SVM

	
N/A

	
Tri-axial accelerometer Tri-axial gyroscope

	
Waist, sternum

	
Indoor

	
99.99




	
[74]/2017

	
SVM

	
WiFi

	
Without sensors (signal path)

	
Beacon AP

	
Indoor

	
100




	
Proposed S-BFDA in LOS

	
ANN

	
ZigBee (XBee S2)

	
Accelerometer, tilt heart rate

	
Waist

	
Indoor

	
100




	
Proposed S-BFDA in NLOS

	
ANN

	
ZigBee (XBee S2)

	
Accelerometer, tilt heart rate

	
Waist

	
Indoor

	
92.5








Acc: Accuracy; AP: Access point; BT: Bluetooth; BN: Bayesian network; DA: Discriminant analysis; DT: Decision tree; k-NN: k-nearest neighbors; LE: Low-energy; LR: Logistic regression; MP: Multilayer perception; NB: naïve Bayes; NNC: Nearest neighbor classifiers; RBF: Radial basis function; RF: Random forest; RFID: Radio frequency identification; RSS: Received signal strength; SW: Sliding window; SVM: Support vector machine; Ultrawide band (UWB); VI: Visual and Inertial.
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Algorithm 1: Pseudocode for the proposed S-BFDA and DDA

. lif (Tilt sensor =logic ONE) {

attachInterrupt (0, Sensor node_activation, RISING);//wakeup the MR.

void sleepNow () {
set_sleep_mode (SLEEP_MODE_PWR_SAVE);
sleep_enable ();
sleep_mode ();
sleep_disable ();
power_all_enable ();

25:,
26:
27
28:

1 void loop () {

digitalWrite (Accelerometer, HIGH); //wake up and supply Acc.
digital Write (Shock, HIGH); //wake up and supply the SH sensor
measure the angle of fall of the elderly based on Equ. (7)
measure the shock states
if (Tilt sensor = HIGH && angle > 45° && shock > Threshold) {
digital Write (ZigBee, LOW); //wake up ZigBee module
measure the RSSI values of the beacon nodes
send the RSSI of the three beacon nodes to the CN for localization

digitalWrite (ZigBee, HIGH); //put ZigBee module in sleep mode
digitalWrite (Accelerometer, LOW); //deactivated the Acc. sensor
digitalWrite (Shock, LOW); //deactivated the SH sensor
]
P
void Sensor node_activation (void) {
detachlnterrupt (1);

} //end of the main loop
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