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Abstract-The senior population's propensity for falling presents significant difficulties for the 

public healthcare system. The functional capacity and self-assurance of the elderly may be 

greatly improved via the implementation of an automated fall detection system that is both 

effective and extremely dependable. To monitor and identify fall occurrences using the 

integrated accelerometer data, a two-step approach is presented, and in this research, we 

demonstrate an ubiquitous fall detection system created on smart phones (SPs) called FallDroid. 

The proposed methodology combines two unique techniques—the threshold based method 

(TBM) and the multiple kernel learning support vector machine (MKL-SVM)—to accurately 

recognize fall-like occurrences (such as laying on a bed or quick halt after jogging) and minimize 

false alarms. The testing findings show that the system has excellent accuracy (97.8% and 91.7% 

when put around the waist and thigh, respectively), sensitivity (99.5% and 95.8%), and 

specificity (95.2% and 88.0%) when detecting falls, in addition to its user convenience and low 

power consumption. The system also delivers the best false alert rate to date, with just one false 

alarm in every 59 hours of operation. 
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I. INTRODUCTION 

Concerns about physical health, mental health, and financial stability are expanding 

exponentially with the world's ageing population. According to WHO data, between 28 and 35% 

of seniors over 64 have a fall incident annually, and that number rises to between 32 and 42% for 

those over 70 [1]. Ninety percent of hip and wrist fractures and sixty percent of brain traumas [2] 

may be attributed to such accidents. In addition to these wounds, a fall may cause a person to be 

in a long-lie position, where they are unable to get up off the ground for an extended period of 

time, which can lead to major complications including dehydration, hypothermia, and even 

death. Fear of falling (FoF) is common among the elderly, and it may have a negative impact on 

seniors' ability to live independently and participate in their communities [3]. In order to provide 

timely help in the event of a fall, particularly one involving a lengthy lay, and to limit serious 

health effects [4], the development of automatic, reliable, and fast fall detection systems is 

crucial. Modern methods used to automatically identify impending falls in the actual world may 

be broken down into two groups: I context-aware systems, and (ii) wearable systems [5]. The 

former refers to monitoring people's movements in confined spaces with the use of sensors 

including cameras, microphones, infrared, and pressure detectors. 
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The ease with which these devices may be used by the elderly is their primary strength. 

However, problems with coverage, cost, false alerts from other mobile entities, and privacy pose 

challenges for such systems (especially in video based systems). Wearable motion sensors that 

depend on kinematic signals, such as tri-axial accelerometers and gyroscopes, are an example of 

the latter, and may be used to detect falls. While there are benefits to using a body-worn system 

rather than a video-based system, the fact that the bearer must still carry at least one device raises 

privacy and usability problems. Another critical factor is the price tag associated with 

commercial/customized fall detection devices like LifeCall [6] and LPFD [7].However, because 

to the rapid development of MEMS technology, highly light, small, low power, and cheap 

wireless inertial sensors have been created, removing the need for the user to worry about 

mobility and annoyance [8]. Because of this, candidates that have gained widespread acceptance 

in everyday life are smart phones (SPs) combined with specialized detecting hardware [9]. As a 

result, there has been a rise in cost-effective, efficient, and commercially viable fall detection 

apps [10], thanks to the phenomenal penetration of smart phones (SPs) as a mobility and safety 

aid among the elderly. 

Extensive reviews of SP-based fall detectors and those that use a user's own body motion sensors 

may be found in [5], [11], and [13]. Prior research relied heavily on threshold based techniques 

(TBM), which use predetermined decision criteria to evaluate characteristics retrieved from 

inertial sensor inputs [14, 15]. There is a low computational cost and low power consumption 

associated with these detecting techniques. By contrasting four well-known TBM algorithms 

with a commercial device, the authors of [12] demonstrated that the TBM approaches are unable 

to simultaneously prevent false negatives (falls that go unnoticed) and false positives (ADL 

misclassified as falls). Invoking a tradeoff between the amount of false negatives and false 

positives while fine-tuning the thresholds makes it hard to get ideal thresholds maintaining 

performance uniformity for everyone.Support vector machines [16, 17], artificial neural 

networks [9, 18], and k-nearest neighbour [18] are only some of the more recent ML approaches 

used to categorize falls from ADL in the published literature. Based on 1,404 characteristics 

collected from accelerometer, gyroscope, and magnetometer sensing, the authors of [19] were 

able to achieve an average accuracy of roughly 99% when comparing the offline classification 

performance of six ML algorithms using a Matlab-based comparison. Despite the impressive 

outcomes, SPs cannot realistically implement them because to the high power consumption 

required by the use of several sensors (particularly a gyroscope) and the high computational cost 

of ML approaches that exploit vast feature sets. 

 

II. RELATEDWORKS 

As an example, Abbate et al. [9] suggested a fall detector based on SP that employs TBM and 

ANN together. In spite of the claimed success rate of 100% in offline analysis, the data set 

utilized for training and testing the ANN was quite limited (86 samples in total). Online analysis, 

which would have shown how well the software works in real life (false alarm rate, battery life) 
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was also missing.Kerdegari et al. [17] recently created an Android app called SFD that uses a 

multi-layer perceptron (MLP) neural network to detect falls. Using data collected around the 

waist, their system is able to attain a 92.03% sensitivity, a 91.07% specificity, and an accuracy of 

91.06% during offline analysis. However, the system's sensitivity and specificity drop to 93.18% 

and 88.18% respectively while its accuracy drops to 91.25% when used for online analysis. 

There is no information on the false alarm rate in relation to the location of the SP, and the 

system takes a long time to make a decision (at least 30 s for algorithm decision + 60 s default 

time for alert cancellation). 

Disadvantages 

The current method makes it impossible for adversaries to detect the hole using PUFs if they 

wish to launch a secret-keys assault.However, attribute-based encryption is not available in the 

current implementation. 

 

III. PROPOSED SYSTEM ARCHITECTURE 

As such, the proposed system introduces an automated high-performance SP-based fall detection 

system with an eye on pragmatic concerns like user friendliness and low power usage. With the 

accelerometer sensor already present in SPs, we offer a standalone fall detector built as an 

Android software called FallDroid. The developed software has an easy-to-use interface and may 

be worn on either the belt or a pouch at the user's hip (pant pocket).The suggested two-stage 

approach is proved to be more efficient in resource use than ML methods. We begin with a 

TBM-based low-computational-cost method, and then we use the pattern recognition technique 

of multiple kernel learning support vector machine (MKL-SVM), which is seldom called upon. 

In a variety of cases, we examined and reported battery drain. Human experiments were 

methodically done in a lab setting and in the wild to collect the data sets used in this study. 

Finally, to show the superior performance of the current system, we give the offline and online 

classification results for fall-like ADLs such laying on the floor, stopping suddenly after 

walking, accidently striking the sensor, etc.Benefits We suggest the possibility of using the 

sensor to produce secret keys for data encryption, and the system is more protected since each 

sensor in the smart body sensor network has the property naturally to identify fall itself. 

Owner of the Information 

Here, the supplier of the data encrypts the data before transferring it to the Cloud. The data 

owner encrypts the file for safety before storing it on the server. To the extent the data owner is 

authorized, they may access and conduct the following tasks on the encrypted data file: Features 

including Checking Patient Information, Removing Patient Information, and Viewing All Patient 

Information. 

Hosting in the Cloud 

View All Data Owner, View All End User, View All Patient Records, View All Attackers 

Details, View All File Rank in Chart, View All File Time Delay in Chart, and View Throughput 
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Details are just some of the tasks carried out by the cloud server in its capacity as a data storage 

service provider for Data Owners. 

A Final Consumer 

Users may sign up, log in, and then do actions like searching for and downloading patient 

information inside this module. 

 
Fig.1 proposed system architecture 

 

IV. RESULTS AND DISCUSSION 

The output screens acquired after starting and operating the system are presented in Fig.2. This 

study looks at the viability of a camera-based and hardware-based neuromorphic computing fall 

detection system. Employing deep learning in embedded systems greatly increases the 

computation time, despite research demonstrating that using deep learning in automated fall 

detection systems may enhance fall detection performance [18]. In this study, we examine the 

viability of replacing software for deep learning in embedded systems with neuromorphic 

computing hardware. To maintain the neural network's operating time in the integer 8 precision 
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format without losing the area of interest (ROI) modifications associated to possible fall 

occurrences, we ran our custom-built YOLO-LW utilising neuromorphic computing hardware. 

Distinct action photos were captured from five distinct interior conditions and submitted to five 

different YOLO models with five different neural layer architectures. Their findings were 

analysed using 5-fold cross-validation to validate the fall detection technique integrating the 

ROI. Data from testing reveals that the YOLO v3-tiny works better than the YOLO v2-tiny at a 

resolution of 320 x 224 (Table 1). (Table 1). This is because YOLO v3-tiny leverages 

upsampling to gather high-scale feature maps while still keeping information about small targets. 

Table 2 demonstrates that the modified YOLO v3-tiny was more accurate than the modified 

YOLO v2-tiny, but only 2.65% as accurate as the original YOLO v3-tiny. In order to decrease 

the model's complexity, the revised YOLO v3-tiny utilised a deep separation of convolutional 

layers; this resulted in a minor decline in accuracy but resulted in a size reduction of the model 

by a factor of ten. Human body bounding technology is crucial in fall detection systems. As the 

detecting object is self-occluded during bending of the body, like when the person turns their 

back to the camera or folds their limbs, the hit rate of the human body area falls. Furthermore, 

some components may be abandoned in the process of migrating PC-side software to the edge 

computing platform, further leading to IoU deterioration. The model size may be lowered while 

preserving the same degree of accuracy, according to specific study [23], [24], which shows that 

a neural network may be remapped from a high-precision format to a low-precision format. 

There was only a 0.91 percent loss in IoU after conversion for the modified YOLO v3-tiny with 

oat 16 format, as reported in Table 3 of the paper. However, the updated YOLO v3-tiny with oat 

16 precision format was not able to reach more than 0.8 FPS even while using CPU inference. 

An improved version of YOLO v3-tiny ran at 11.8 FPS on neuromorphic computing hardware 

optimized for inference, despite a 4.3% decrease in IoU. Although the updated YOLO v3-tiny 

with integer 8 precision format proved robust and capable of object identification in a wide range 

of conditions and manipulations, the IoU suffered severely. Adding a convolutional layer raises 

the model's complexity to the point where the IoU can hit 94.5%; the model's size would be 

smaller than the modified YOLO v3-tiny with the oat 16 precision format, and its speed would 

be only 0.3 FPS slower than the modified YOLO v3-tiny with integer 8 precision format. Table 4 

shows that the YOLO v3-tiny and SVM fall detection system developed on the PC side and 

using a GPU for inference achieved a 92.5% accuracy rate in testing. Even though the fall 

detection system would be helpful in practise, the high cost of graphics processing units (GPUs) 

and desktop computers prevents it from being widely used. Using a PC as a server does not solve 

the problems of dealing with large amounts of data or slow connections. The improved YOLO 

v3-tiny and SVM applied on a personal computer saw a loss in overall accuracy of 0.9%, while 

the IoU was mostly unaffected. However, the overall accuracy of the system suffered when the 

updated YOLO v3-tiny was converted to the integer 8 precision format model. The system 

achieved 91.1% accuracy and 11.5 FPS throughput using YOLO-LW and SVM operating on the 

edge computing platform. We found that recall was the only parameter we examined that was 
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below 90%. The majority of the false positives occurred when the algorithm confused the 

subject's clothing for the background and hence misidentified the beginning and end of the 

subject. 

 

Fig.2 Comparative analysis of proposed system with existing system 

V. FUTURE SCOPE AND CONCLUSION  

 In this study, we provide Fall Droid, an Android-based fall detection and emergency alert 

application that allows SPs to choose between two different carrying places (waist and thigh) and 

has a minimalistic user interface. The two-stage approach described for detecting falls yields 

very accurate classifications of falls and other similar occurrences. The first phase uses a 

threshold-based algorithm (TBM) to exclude the majority of the ADL data, and the second uses 

MKL-SVM to categorize the more challenging occurrences that are similar to falls. With this 

design, we can cut down on unnecessary alerts while keeping average computation costs low and 

therefore decreasing our environmental impact. Both offline and online examination showed the 

suggested technique to be superior to previously available applications [9], [17].Future work 

might include testing the software under real-world conditions, particularly with the senior 

population. Having this information stored in the cloud is great for developing the algorithm. 

Further, we may create a user-dependent fall detection system by utilize 

 

ing individual user data to train the MKL-SVM classifier, allowing us to compare the decrease in 

false alarms. Finally, future work may focus on the feature engineering / extraction phase to 

discover even better features with which to improve the overall system performance. Though 

AAMV, TAV, and SAA measures seem to be pretty successful at detecting falls at the moment, 

higher order derivatives or other non-linear features made of complimentary characteristics 

might be used, particularly in the TBM part(first stage of the algorithm), to boost specificity. 
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