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Abstract
According to the Korea Census Bureau, the number of elderly people above the age 65 will reach more than 10 million 
in 2026. It means that more than 21% of the population in KOREA will reach over 65 years old. It becomes extremely 
important to take care of the elderly people for the case of health emergency; such as fall or heart attack. In this paper, a 
simple fall detection system that detects an actual fall direction is implemented. In order to detect the fall situation, 3-axis 
acceleration sensor (MMA7331) is used in the system. The fall detection algorithm that can classify fall directions such as 
front, back, left and right fall is proposed. The direction of the fall is decided by examining the acceleration peaks of X and Y 
directions of the sensor. It is shown that the proposed algorithm successfully detects the front and back fall direction with 
probability of 96% and 98%, respectively.

1. Introduction
In 2007, the Joint Commission on Accreditation of 
Healthcare Organization (JCAHO) revealed “reduce 
patient risk of harm resulting from falls” as the important 
sub-goal1. The elderly fall events have become the major 
public health issue in the world these days. The concerns 
of the elderly falls grow as the aging population increases2. 
Falls have to account for a significant portion of injuries 
in hospitalized patients. Fall injuries in a hospital are 
often severe, due to the nature of the underlying medical 
condition3. According to the Korea Census Bureau, the 
number of elderly people above the age 65 will reach more 
than 10 million in 2026. It means that more than 21% of 
the population in KOREA will reach over 65 years old. 
Therefore, fall prevention issues have become an impor-
tant for the safety of the elderly in recent years all over the 
world including Korea4. 

Numerous researches have been conducted to imple-
ment a real time classification system for the type of 
human activity related to the data collected from a single 
triaxial accelerometer. In5 and6, the implementation of 

a real-time classification system for the types of human 
movement associated with the data acquired from a 
single, waist-mounted accelerometer is presented. The 
system recognizes the postural orientation of the per-
son and detects events such as walking and falls. Signal 
Magnitude Area (SMA) was used as basis for identifying 
activities. The activity recognition system introduced in 
7 can classify six daily living activities and transitional 
events. The feature selection is done by using Relief-F and 
Sequential Forward Floating Search (SFFS). In order to 
classify daily activities, various parameters such as Peak 
value (P), Base length (B), ration between Peak value (P) 
and Base length (B), post-impact Velocity (V), and so 
on from acceleration sum vector are defined and used 
to identify daily activities. A novel algorithm as well 
as architecture for the fall accident detection and cor-
responding wide area rescue system based on a smart 
phone and the third generation network is presented in9. 
In order to realize the fall detection algorithm, the angles 
and the waveform sequence of the triaxial accelerometer 
on the smart phone are utilized as the system input. In 
order to detect a fall, the high frequency component of 
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a fall is compared with the normal activities. To extract 
the high frequency characteristics of a falling event, high-
pass filtering and discrete wavelet transform are used9. A 
fall detection system consisting of a triaxial accelerometer 
and a smart phone to detect dangerous fall is shown in10. 
The time-domain parameters such as peak of signal mag-
nitude vector(SVM) and continuous zero-0 time are used 
to detect a fall. The combines a triaxial accelerometer with 
barometric pressure measurement is proposed in11. The 
algorithm proposed in11 considered the barometric pres-
sure measurement as a surrogate estimation of the change 
in altitude related to a fall. An efficient and intelligent fall 
detection system using triaxial accelerometer integrated 
with active RFID is proposed in12. To recognize six falling 
postures, a machine learning technique is employed. The 
neural network classifier is employed to decide the cor-
rect RFID tag position. 

In this paper, fall detection algorithm that detects 
the actual fall direction is described. In the previous 
researches5–11, the acceleration values from X, Y and Z 
axis are used to distinguish between activities and fall 
directions. For example, the Signal Magnitude Vector 
(SMV) is calculated as the square root sum of X, Y and Z 
axis sample values from the accelerometer. The proposed 
algorithm in this paper considers either X or Y axis sam-
ple values to classify fall directions. The two peaks of the 
sampled X or Y axis sample are used to decide the direc-
tion of a fall. The sampled values from X and Y values are 
compared with various threshold values to distinguish fall 
directions. 

The rest of the paper is organized as follows. Section 
2 explains the fall detection system hardware and the fall 
detection algorithm. In Section 3, the fall detection mea-
surements are summarized with various threshold values. 
Finally, a concluding remark is given in Section 4.

2. Fall Detection System

2.1 Hardware Description
A hardware device which composed of a triaxial accel-
erometer (MMA,7260, Freescale), a microcontroller 
(UST-MPB-Atmega128_v5, US-Technology) with 10 bit 
Analog-to-Digital Converter (ADC), a bluetooth mod-
ule (FB155BC, Firmtech) and a rechargeable battery was 
developed to collect the 3 acceleration signals. The triaxial 
accelerometer measures the accelerations in X, Y, and Z 

axis with a sampling rate of 50 Hz. As shown in Figure 1, 
MMA 7260 was used to measure the accelerations. The 
accelerometer sensor has a range of -6g to 6g and sen-
sitivity of 200mV/g, where g is the acceleration due to 
gravity. The output response and the orientation of the 
3-axial accelerator are shown in Figure 2. In this paper, 
the orientation of the side view as shown in Figure 2 is 
used for acceleration measurements. In this orientation, 
the default acceleration values from the X and Y direc-
tion are given as 1.65V(0g) and 1.65V(0g), respectively. 
Similarly, the default voltage for the Z direction is given 
by 0.84V(-1g).

The system can measure the acceleration in 3 direc-
tions. The system has the capability of detecting the actual 
fall and the possible fall direction such as a front fall, a 
back fall, a left fall or a right fall. As mentioned earlier, 
the output signals from the accelerometer are sampled by 
ADC (Analog Digital Converter) at a rate of 50Hz. The 
digitized data are used to measure the accelerations of 
the 3 directions as shown in Figure 7. The sampled data 
are used to detect the actual fall and classify the direc-
tion of the fall. The fall detection system is powered by 
the battery.  The dimensions of the developed hardware 
are 85X45X15mm with a weight of 80g. 

Figure 1. Block diagram of a fall detection system.

2.2 Fall Detection Algorithm
The algorithm detects the 4 directions such as front, back, 
left and right fall. As shown in Figure 2, the X direction 
is corresponding to the front and back direction with 
respect to the falling person. The Y direction corresponds 
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to lateral direction which corresponds to left or right 
direction with respect to the falling person. When a fall 
occurs, a sudden change of acceleration value occurs in 
3 directions as shown in Figure 7 to Figure 10. As shown 
in Figure 7, a typical front fall gives a sudden accelera-
tion change in X direction which results a negative peak 
followed by a positive peak. On the other hand, a back 
fall gives a positive peak followed by a negative peak as 
shown in Figure 8. Similarly, a typical left fall case, there is 
a sudden acceleration change in Y direction which results 
a negative peak followed by a positive peak. Similarly, the 
right fall results a positive peak followed by a negative 
peak as shown in Figure 9 and Figure 10.

Figure 2. MMA 7260 output response and orientation.

The fall detection algorithm that can detect an actual 
fall and identify the direction of the fall is shown in Figure 
3. The fall detection algorithm works as follows. In order 
to detect a fall, the algorithm detects the sudden variations 
in accelerations in X or Y directions. When the accelera-
tion value reaches to the positive or negative thresholds 
of VTh

P  or VTh
N, the algorithm assumes an actual fall. And, 

a front fall is declared when the acceleration value in X 
direction gives a negative peak followed by a positive peak 
as shown in Figure 7.  A back fall is declared when the 
acceleration value in X direction gives a positive peak fol-
lowed by a negative peak as shown in Figure 8. Similarly, 
in order to detect the left fall, the algorithm detects the 
sudden variations in accelerations in Y direction. And 
a left fall is declared when the acceleration values in Y 
direction gives a negative peak followed by a positive 
peak. Finally, a right fall is declared when the acceleration 
values in Y direction gives a positive peak followed by a 
negative peak as shown in Figure 9 and Figure 10.

A typical fall acceleration figure is shown in Figure 4, 
the positive threshold value VTh

P and the negative thresh-
old value VTh

N are defined. When the acceleration value 
is greater than VTh

P, it is assumed that a positive peak is 

detected. It is assumed that a negative peak is detected 
when the acceleration value is less than VTh

N.

Figure 3. Fall detection algorithm.

Figure 4. Threshold to detect the front and back falls.

3. Measurements Results
As shown in Figure 5 and Figure 5, the X and Y label repre-
sents the direction of a fall with respect to the person who 
wears the fall detection system. The front direction cor-
responds to the positive X direction   denoted as +X. The 
back direction which corresponds to negative X direction 
which is denotes by -X.  Similarly, the right direction cor-
responds to the positive Y direction denoted as +Y. The 
left direction corresponds to negative Y direction which 
is denotes by –Y. The direction of fall which lies between 
Front(+X) and Left(-Y)  is denoted as A. The direction 
of fall which lies between Back(-X) and Right(+Y)  is 
denoted as A’ . Similarly, the direction of fall which lies 
between Front(+X) and Right(+Y)  is denoted as B. The 
direction of fall which lies between Back(-X) and Left(-Y)  
is denoted as B’ . 

A typical front fall gravitation graphs with 3 different 
scenarios are drawn in Figure 7.  As shown in Figure 7, the 
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minimum absolute value of VTh
P and VTh

N is set to be 1.5g 
to detect a positive or a negative peak for the fast fall and 
medium falls. For the case of slow fall, the positive and 
the negative peaks do not exceed the value of 1.5g. For the 
case of a slow fall, it is not easy to differentiate between a 
fall and other activities such as waking, sitting-down or 
standing-up. The acceleration value for the case of walk-
ing is shown in Figure 10. As shown in Figure 10, the 
acceleration value for a typical walking is ranging from 
0g to 0.4g in the X and Y directions. The acceleration val-
ues for the case of sitting-down and standing-up cases are 
shown in Figure 11 and 12.  The acceleration value in the 
X and Y directions ranges from -0.2g to 0.4g. By observ-
ing Figure 11 and Figure 12, it is obvious that the typical 
fall can be easily differentiated from the other daily activi-
ties such as walking, sitting-down, and standing-up.

Figure 5. Picture of a front fall.
In this paper, various threshold values of VTh

P and VTh
N 

are used in the experiments. The threshold value, VTh
P, is 

set to a positive value from 1.1g to 1.9g to detect a positive 
acceleration peak. On the other hand, the threshold value, 
VTh

N, is set to a negative value from -1.1g to -1.9g to detect 
a negative acceleration peak. For a given direction of a 
fall, 20 fall experiments were performed for five sets of 
threshold values. Therefore, a total of 100 fall experiments 
are performed for a given direction of fall. 

Table 1 summarizes the fall detection rate of 4 fall 
directions. For example, for a given threshold of VTh

P 
=1.1g and VTh

N =-1.1g, 19 correct detection of Front fall 
with 1 wrong detection is observed. For a given thresh-
old of VTh

P =1.3g and VTh
N =-1.3g, 20 correct front fall 

detection with no wrong decision, and so on. In result, a 
total of 95 correct detections with 5 wrong detections are 
observed for the front fall. Thus, 95% of correct detection 
rate is observed for the front fall.For the case of back fall, 
98% of correct detection rate was obtained. For the case 
of the left and right fall, 87% and 88% of the correct detec-
tion rate was obtained, respectively.

Figure 6. Fall directions.

Table 2summarizes the detection of the fall direction 
of A, A’, B and B’ as shown in Figure 6. It is obvious that 
there is ambiguity of the fall direction. For example, the 
fall direction of A can be considered as either a front fall 
or a left fall. The fall direction of A’ can be considered as 
either a back fall or a right fall. For the case of A direction, 
49 out of 100 falls are detected as front falls. On the other 
hand, 51 falls are detected as left falls. For the case of A’ 
direction, 49 out of 100 falls are detected as back falls. On 
the other hand, 51 falls are detected as fight falls. Similar 
results are obtained for the case of B and B’.

Table 1. Fall detection rate for front, back, left, and right directions

Fall Direction VTh
P =1.1g

VTh
N =-1.1g

VTh
P =1.3g

VTh
N =-1.3g

VTh
P =1.5g

VTh
N =-1.5g

VTh
P =1.7g

VTh
N =-1.7g

VTh
P =1.9g

VTh
N =-1.9g

Detection 
Rate

Front Fall 19/1 20/0 20/0 19/1 17/3 95%
Back Fall 20/0 20/0 19/1 19/1 20/0 98%
Left Fall 19/1 18/2 20/2 14/6 18/2 87%
Right Fall 16/4 19/1 18/2 17/3 18/2 88%
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Figure 7. Typical forward fall measurements.

0 2 4
-3

-2.5

-2

-1.5

-1

-0.5

0

0.5

1

1.5

sec

G
ra

vi
ta

tio
n

 

 
X-direction

0 2 4
-3

-2.5

-2

-1.5

-1

-0.5

0

0.5

1

1.5

sec

G
ra

vi
ta

tio
n

 

 
Y-direction

0 2 4
-3

-2.5

-2

-1.5

-1

-0.5

0

0.5

1

1.5

sec

G
ra

vi
ta

tio
n

 

 
Z-direction

Figure 8. Typical back fall measurements.
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X-direction: Left Fall Y-direction: Left Fall Z-direction: Left Fall

Figure 9. Typical left fall measurements.

0 1 2 3 4 5
-2.5

-2

-1.5

-1

-0.5

0

0.5

1

1.5

Sec

G
ra

vi
ta

tio
n

 

 

0 1 2 3 4 5
-2.5

-2

-1.5

-1

-0.5

0

0.5

1

1.5

Sec

G
ra

vi
ta

tio
n

 

 

0 1 2 3 4 5
-2.5

-2

-1.5

-1

-0.5

0

0.5

1

1.5

Sec

G
ra

vi
ta

tio
n

 

 
X-direction: Right Fall Y-direction: Right Fall Z-direction: Right Fall

Figure 10. Typical right fall measurements.
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Z-direction: Walking

Figure 11. Typical walking measurements.
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X-direction: Standup
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Y-direction: Standup
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Z-direction: Standup

Figure 12. Typical stand-up measurements.

Table 2. Fall detection rate for A, A’, B, and B’ directions

Fall Direction VTh
P =1.1g

VTh
N =-1.1g

VTh
P =1.3g

VTh
N =-1.3g

VTh
P =1.5g

VTh
N =-1.5g

VTh
P =1.7g

VTh
N =-1.7g

VTh
P =1.9g

VTh
N =-1.9g

Detection
Rate

A
(Front Fall)

Front: 11
Left: 9

Front: 9
Left: 11

Front: 11
Left: 9

Front: 10
Left: 10

Front: 10
Left: 10 49%

A’
(Back Fall)

Back: 10
Right: 10

Back: 11
Right: 9

Back: 9
Right: 11

Back: 11
Right: 9

Back: 10
Right: 10 49%

B
(Front Fall)

Front: 9
Left: 11

Front: 10
Left: 10

Front: 9
Left: 11

Front: 11
Left: 9

Front: 11
Left: 9 50%

B’
(Back Fall)

Back: 10
Right: 10

Back: 9
Right: 11

Back: 9
Right: 11

Back: 9
Right: 11

Back: 9
Right: 11 48%
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X-direction: Sitting-down Y-direction: Sitting-down

Z-direction: Sitting-down

Figure 13. Typical sitting-down measurements.

4. Conclusion
In this paper, a simple fall detection algorithm is proposed 
to detect 4 types of fall directions. In order to classify the 
fall direction, positive and negative acceleration peaks are 
observed. If a negative peak is followed by a positive peak 
in the X direction, a front fall is assumed. If a positive peak 
is followed by a negative peak in the X direction, a back 
fall is assumed. Similarly, if a negative peak is followed by 
a positive peak in the Y direction, a left fall is assumed. 
If a positive peak is followed by a negative peak in the Y 
direction, a right fall is assumed. For a given fall direction, 
100 falls are performed. The proposed algorithm showed 
95% and 98% of detection rate in the direction of front 
and back fall. For the case of left and right direction fall, 
87% and 88% of detection rate was obtained. For the case 
of the falls with direction that does not align with front, 
back, left, or right direction, it is not easy to determine the 
direction of the fall. In order to improve the detection of 
the fall direction, a fall detection system with both a tri-
axial accelerometer and a gyroscope will be conducted in 
the near future.
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