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SUMMARY 

Many ‘smart’ mobile phones currently have exciting features 

such as built-in accelerometers for motion detection and GPS 

(Global Positioning System) navigation. These features may 

enable them to be used to detect falls in susceptible 

individuals and report the fall information to a remote party 

over the mobile phone network, allowing quick assistance in 

the event of serious injury. Therefore, the objectives of the 

research were: (1) to design a threshold-based algorithm to 

detect falls using the built-in accelerometer of a mobile phone; 

(2) to compare the motion signals acquired by this system with 

those recorded by an independent body-mounted 

accelerometer; and (3) to examine the sensitivity and 

specificity of fall detection using individual threshold settings.  

 

INTRODUCTION 

Falls among older adults are recognised as a significant 

problem to both the individual and to society as a whole. Five 

to ten percent of community-dwelling older adults who fall 

each year sustain serious injuries such as fractures, head 

injuries or serious laceration [1].  Falling amongst adults’ ≥65 

years of age has been reported to occur mainly at home, with 

65% of women and 44% of men falling inside their usual 

place of residence and 25% of men and 11% of women falling 

in their garden [2].  Therefore it is likely that some people may 

fall when alone and remote communication with those who 

can provide medical assistance must be enabled. Furthermore, 

previous research has successfully indicated that threshold-

based algorithm using tri-axial accelerometers discriminates 

between activities of daily living and simulated falls [3]. 

 

METHODS 

During a fall, the acceleration decreases sharply to a minimum 

as the person falls; the impact of landing causes a sharp 

increase in acceleration to a maximum value. The acceleration 

profiles of everyday activities would unlikely reach these 

levels and could therefore be used as thresholds for detection.  

If the person is hurt and unable to move there will be a period 

where no motion occurs and an emergency text could be sent. 

These attributes were used to develop a computer program 

using java programming language for a G1 mobile phone as 

illustrated in Figure 1. The phone could then be used for 

acquiring the appropriate accelerometer signals and for 

detecting falls using thresholds from the activities of daily 

living.  

The study population comprised 18 participants (12 males, 6 

females, 29±8.7 years). The G1 mobile phone and tri-axial 

independent accelerometer (MSR145B, CiK Solutions, 

Germany) were mounted on the waist of the participants using 

a large, soft, Velcro fastening fabric elastic band. Previous 

research has shown that a waist worn accelerometer may be 

optimal for fall detection [4]. Eight activities of daily living 

were monitored to establish individual thresholds for the 

sensitivity and specificity of fall. They were: sit-to-stand, 

stand-to-sit, level walking, walking upstairs, walking 

downstairs, getting up from supine, picking up an object and 

answering the phone (for this activity the phone and the 

external accelerometer were attached to each other to allow  

two data sets to be completed). The acquired motion signals 

were low pass filtered at 10Hz and the resultant accelerations 

were calculated from the output data. The maximum and 

minimum acceleration peaks were identified and used to 

define the thresholds for fall detection. Following this, four 

types of simulated fall – forwards, backwards, lateral left and 

lateral right onto a crash mat were performed. Three trials 

were recorded for each activity/fall type to determine 

repeatability. The degree of agreement of the values acquired 

by the phone and the independent accelerometer was assessed 

using Bland-Altman plots. The sensitivity and specificity of 

fall detection were calculated.  

 
Figure 1:  A block diagram illustrating the fall detection 

algorithm developed for the G1 mobile phone.  

 

RESULTS AND DISCUSSION 

Figure 2 is an example trace obtained from the MSR 

accelerometer during a simulated fall. Bland Altman plots 

showed a good agreement in the minimum acceleration values 

recorded by the phone and the accelerometer, although the 



phone appeared to underestimate the acceleration by overall 

mean 7.3%. The maximum acceleration values were in good 

agreement when the acceleration magnitude was small, and 

the phone seemed to fail to pick up accelerations beyond 15 

ms
-2

.  Differences in the data processing method, the weight 

and inertia of the devices, the dynamic operating range of the 

accelerometers, together with possible cushioning of the 

phone embedded accelerometer explain such discrepancies.  

 
Figure 2: Acceleration profile of a simulated forward fall 

using the MSR. The minimum and maximum values were 

used in the analysis. 

 

The data obtained in this study shows that everyday activities 

have much less pronounced minimum and maximum 

acceleration values than falls (Table 2). This allowed upper 

and lower thresholds to distinguish these activities from falls. 

In Table 2, it should be noted that for the same activity or the 

same fall, there were variations in the minimum and maximum 

accelerations observed. These values would vary according to 

the weight of the participant, the manner in which the 

activities were performed, and the nature of the ground 

surface. It is therefore not ideal to use the same thresholds for 

all individuals, so individual threshold values were defined for 

each of the participants using the data collected during 

everyday activities.  

 

The threshold-based method was found to be highly accurate 

with high specificity and sensitivity of both the G1 phone 

(0.81 and 0.77 respectively) and the independent MSR 

accelerometer (0.82 and 0.96 respectively) (Table 1 in the 

Abstract). It should be emphasised that the maximum 

accelerations from simulated falls during this study were 

dampened as the crash mat reduced the impact (highest 

acceleration). This was obviously necessary for the safety of 

the participants. In a real fall the impact between the body and 

the hard ground surface would be higher, with associated 

improvement in the specificity and sensitivity of the method. 

This suggestion was in agreement with Klenk et al [5] who 

observed larger changes in acceleration in real-world falls as 

compared to fall simulation.  

 

CONCLUSIONS 

In conclusion, fall detection using mobile phone technology 

has been shown to be a feasible option. The findings of this 

study show that the specificity and sensitivity of detection are 

high, but an alternative solution will be to use a small external 

accelerometer wirelessly connected to a phone via Bluetooth. 

We recommend defining individual thresholds based on 

activities of daily living. The present method is capable of 

notifying a remote party using SMS message and detecting 

emergency situation when a subject remains stationary after 

the fall. It is therefore particularly useful for older people who 

live alone. It is hoped that the mobile phone would help build 

up the confidence of older people with fall risk, reduce the 

fear of falling and encourage physical activity, which will lead 

to an improvement in the quality of life. 
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Table 2: Mean (±SD) minimum and maximum accelerations for various everyday activities and simulated falls as detected by the 

MSR independent device and the G1 mobile phone 

Activity Minimum 

acceleration 

MSR (ms
-2

)  

Minimum 

acceleration 

G1 (ms
-2

)  

Maximum 

acceleration 

MSR (ms
-2

) 

Maximum 

acceleration 

G1(ms
-2

) 

Fall forward 4.47(±0.74) 5.43(±1.09) 19.49(±3.08) 13.19(±2.35) 

Fall backward 4.10(±0.96) 5.41(±1.47) 18.40(±3.24) 12.86(±1.90) 

Lateral left fall 4.76(±0.85) 5.78(±0.95) 16.25(±2.73) 13.07(±2.62) 

Lateral right fall 4.54(±0.87) 5.97(±0.92) 17.96(±2.94) 13.33(±2.74) 

Sit-to-stand 7.61(±0.85) 8.81(±0.60) 12.0(±0.86) 10.91(±0.33) 

Stand-to-sit 7.81(±0.79) 8.69(±0.49) 11.98(±0.84) 11.13(±0.63) 

Level walking 7.90(±0.45) 8.38(±0.40) 12.22(±1.21) 12.16(±0.54) 

Walking upstairs 7.55(±0.40) 7.89(±1.31) 12.61(±0.95) 12.43(±1.20) 

Walking downstairs 6.86(±0.65) 7.45(±1.09) 12.91(±1.41) 13.14(±1.56) 

Picking up an object 7.57(±1.01) 8.22(±0.57) 13.77(±1.61) 11.52(±1.05) 

Answering the phone 6.25(±1.01) 6.22(±1.29) 15.12(±3.22) 11.82(±1.16) 

Getting up from supine 6.71(±1.13) 8.12(±0.70) 12.93(±1.49) 11.35(±0.69) 
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