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SUMMARY 

This paper will examine the study of acceleration data of 

human’s motion using accelerometers, based on ten human 

subjects with varying height and weight.  Analysis of the 

data is used to distinguish falling from basic daily activities, 

such as standing, sitting, lying, walking and jogging. The 

power density graph generated for each motion across each 

person shows variation in the ways of conducting the 

respective motion.  Acceleration data from different subjects 

with various heights and weights will also be compared to 

evaluate how these differences could affect the data 

collection in human’s basic daily motion, thereby working 

towards simplifying the mechanism of calibrating such 

sensors for individuals. 

 

INTRODUCTION 

Motion tracking technology has been increasingly studied 

nowadays due to its potential application in the healthcare 

sector such as for fall detection in the elderly. The images 

and detailed data provided by the motion tracking 

technology will allow healthcare practitioners to monitor 

patients’ movements that may be potentially dangerous. 

 

Prevalent methods of fall detection use accelerometers to 

segregate falls from activities of daily living (ADL) [1].  

However, there are some fall-like activities such as lying 

down quickly, which may result in real falls being detected. 

The body orientation and the ways in which activities are 

carried out are also different from person to person, resulting 

in different acceleration data produced for one motion. The 

accuracy of the fall detection depends on the ability of the 

device to accommodate the variation in the acceleration for 

each motion. This paper will look into the difference in the 

motion pattern across a person and across different subjects 

with varying heights and weights. 

 

METHODS 

The sensor used to measure the body acceleration was the 

accelerometer STEVAL-MKI022V1, which uses platform of 

the LIS331DLH, a low-power 3-axis linear accelerometer 

with ability to measure acceleration up to ± 8g. It would be 

tested on ten subjects with heights ranging from 1.58 m to 

1.80 m and weights ranging from 38 kg to 79 kg (Table 1). 

The device was placed on the left waist of each subject with 

the y-axis and x-axis oriented parallel to the Sagittal plane of 

human anatomy, while the z-axis oriented perpendicular to 

the sagittal plane as shown in Figure 1.  

 

Table 1: Height and weight details of the subjects. 

Subjects Height (m) Weight (kg)

Subject1 1.65 38

Subject2 1.6 42

Subject3 1.58 44

Subject4 1.64 55

Subject5 1.71 56

Subject6 1.75 59

Subject7 1.7 62

Subject8 1.8 66

Subject9 1.76 68

Subject10 1.79 79  

 
Figure 1:  Position of accelerometer as according to human 

anatomical planes. 

 

The motions to be analyzed are as follow: 

1. Stand and Sit 

2. Stand and Squat 

3. Stand and Lie Down 

4. Backward Falling and Recovery 

5. Forward Falling and Recovery 

6. Rightward Falling and Recovery 

7. Walking 

8. Running 

 

 

 

 



RESULTS AND DISCUSSION 

A graph of acceleration versus time is plotted for each 

motion. Different patterns of graphs can be observed for 

different motion, which makes it easy to distinguish between 

falling and ADL (Figure 2 and Figure 3). The highest peak 

from each graph will depend on the impact force of the 

change of motion, for example, the impact of falling to the 

ground from standing position. The harder the subject hits 

the ground; the higher will the peak be. 

 

 
Figure 2: Acceleration versus time graph for backward falling and 

recovery x-axis acceleration. 

 

 
Figure 3: Acceleration versus time graph for lying x-axis 

acceleration. 

The power spectral density generated for each data proves 

the variation in the routine of performing each motion by 

each subject (Figure 4). Significant differences in the power 

spectral density across different subjects are also observed 

for each particular motion (Figure 5).  

 
Figure 4: Power Spectral Density of backward falling and recovery 

z-axis acceleration for subject 4. 

 
Figure 5: Power Spectral Density of backward falling and recovery 

z-axis acceleration for subject 4. 

 

From Table 2, it can be seen that motion data from same 

subject are matched perfectly to each other, when the data is 

passed through bandpass filter to remove high-frequency 

vibration noise.  However, from Table 3, there is a large 

variation in the percentage match between PSD data from 

different subjects, from 0% to 86% depending on the axis of 

acceleration measurement, using k-Nearest Neighbour 

(KNN) method. From these preliminary results, we can 

conclude that factors such as weight, height or even personal 

gait pattern can play a factor in causing these differences. 

Table 2: Percentage match between PSD data from same 

subject. 

AX AY AZ

Sit Stand 100.0% 100.0% 100.0%

Squat Stand 100.0% 100.0% 100.0%

Stand Lie 100.0% 100.0% 100.0%

Back Fall 100.0% 100.0% 100.0%

Front Fall 100.0% 100.0% 100.0%

Side Fall 100.0% 100.0% 100.0%

Walking 100.0% 100.0% 100.0%

Running 100.0% 100.0% 100.0%

Average 100.0% 100.0% 100.0%

% Match between PSD data

 
Table 3: Percentage match between PSD data from different 

subjects 

Ax Ay Az

Back Fall 80% 46% 14%

Back Fall Recovery 58% 34% 18%

Front Fall 86% 64% 20%

Front Fall Recovery 28% 20% 50%

Side Fall 12% 8% 20%

Side Fall Recovery 40% 50% 48%

Lie 54% 40% 26%

Lie Recovery 78% 18% 32%

Sit 28% 28% 40%

Sit Recovery 20% 20% 44%

Squat 66% 0% 10%

Squat Recovery 40% 40% 62%

Walking 74% 14% 34%

Running 68% 0% 12%

% Match PSD data

 
CONCLUSIONS 

The three axis acceleration data for the basic physical 

motions namely sitting, squatting, laying down, backward 

falling, forward falling, rightward falling, walking and 

running, produces patterns that can be used to distinguish 

falling from ADL.  Body posture and the different ways of 

carrying out the motion vary among subjects of different 

weights and heights, resulting in different power spectral 

density graph plotted.  Next step is to improve on the 

filtering system to establish a robust system that is simplified 

to be calibrated across subjects. 
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