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ABSTRACT 

Assessment and identification of human activity and posture with 
triaxial accelerometer can provide information about the health 
state and the chronic care. This paper proposes a human state 
recognition algorithm based on Kalman filter (SRKF), which 
could identify steady state and state transition in real time. In this 
study, an automatic state-recognition system consisting of a 
Bluetooth module and a smart phone is developed. The Bluetooth 
module with a triaxial accelerometer was placed on the body and 
the raw sensor data was transported to and processed on the smart 
phone. Associated kinematics characteristic of human activity and 
the accelerometer signal, the results of amplitude function of 
vector CSVM were processed by Kalman filter to identify human 
state. Data were collected from ten adults in unsupervised 
environment. Experiment result shows that the algorithm has 
achieved better performance on the smart phone with limited 
computing and storage capacity.   
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1. INTRODUCTION 
   Technical progress in microelectronics provides a new low-
weight, low-power consumption miniaturized sensing device, 
which also allows integrating sensors, micro control unit and 
wireless transmission modules into a single unit to be worn by 
people everyday living. This system can further open the door to a 
world of healthcare applications, such as fitness monitoring, 
eldercare support, long-term preventive and cognitive assistance 
physiological impairments, and is essential to enabling context-
aware computing in pervasive computing scenarios [1]. 
Accelerometers have been shown to be especially suitable for 
estimating the human activity [2]. Previous studied have shown 
that it is possible to infer the daily activity with good accuracy 
using some methods based on accelerometer measurements. 
    Most studies have been carried out on the features of 
accelerometer signal and recognition techniques. As for 
abstracting features, researches have been carried out based on the 
physical characteristics of signal and kinematics characteristic of 

human. In terms of the physical characteristics of signal, time- 
domain parameters and frequency-domain parameters are 
extracted. Time-domain parameters include mean value, variance, 
standard deviation [3] and so on. Frequency-domain parameters 
include Fourier transform coefficients [4], spectrum entropy [5] 
and so on. About kinematics characteristic of human, parameters 
such as: signal vector magnitude [6], title angle [7] are extracted. 
As for the recognition techniques, many classification methods 
have been used, such as: Bayesian networks [8], neural networks 
[8], support vector machine [9], Gaussian mixture models [10]; 
the threshold classification, Fisher’s linear discriminant [11].     
     In actual practice, these methods are always mixed together. 
E.g.: Adil Mehmood Khan [12] has used AR model to represent 
the relationship of signals, then abstracted augmented-feature 
vector that consists of seven property value, in addition, linear-
discriminant analysis was used  to classify states transition and 
artificial-neural nets was applied to identify specific activity. 
David Curone [13] has abstracted feature vector, e.g.: signal 
magnitude area (SMA), title angle (TA), combining with several 
rules to obtain the classification. The main drawback of above 
methods is that they need abstracting multiple features and rules 
to process amount of data, which is limited on the terminal mobile 
device. 

In previous studies, based on their complexity, activities are 
categorized into two levels: gesture and action. Gestures are 
elementary movements of a person’s body part. E.g.: “stretching 
an arm”, “raising a leg”. Actions are single-person activities that 
may be composed of multiple gestures organized temporally, such 
as “walking”, “waving”, and “punching” [14]. The paper focuses 
on “action”, and here it is named “activity”. We pay attention to 
the state. State is a general situation that the whole body is being 
for a relatively long period of time, which may be composed of 
several activities, e.g.: state of motion, static and so on.  States of 
human are categorized into two classes: steady state and non-
steady state. Continuous activities are regarded as steady states, 
for example: standing, running, walking and so on; if there is a 
transition between different activities, then it is a non-steady state, 
for example: running-to-walking, standing-to-walking. The 
objective of this paper is to identify the key state. Experiments 
indicate when the gestures are repetitively, the tendency of 
changes in acceleration is periodic. So we ignore the specific 
gesture that cause changes of acceleration at some point, and take 
account of the changes of acceleration caused repetitive activities. 
In the paper, the algorithm that detecting human state based 
Kalman filter (SRKF) is proposed. It uses the changes of signal 
magnitude vector (CSVM) as quantity of state, then applies 
Kalman filter to process characteristic values in order to recognize 
the steady and non-steady state in real-time, which further 
contributes to identify specific activity. The algorithm has run on 
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the smart phone with Android platform and has proved the 
validation. 

The rest of paper is organized as follows. Section 2 presents 
design of the algorithm SRKF. Section 3 presents the system of 
experiment and the experimental evaluation. Section 4 concludes 
the paper with a summary and the future work. 

2. METHOD  

2.1  Feature Extract 
In order to simplify complex of the vector operation, we use the 

signal vector magnitude (SVM), which reflects intensity of 
changes in accelerations [6]. 

2 2 2
, , ,t x t y t z tSVM a a a= + +                                               (1) 

Based on the characteristic of human’s actions, we extract the 
extreme point of SVM, which can be obtained when continuing to 
read raw sensor output and detect the peak of the SVM. In order 
to reduce the computing overhead, we use the change of SVM 
(CSVM) as quantity of state, which reflects the trends of absolute 
value of SVM. When a new signal arrives, it will be compared 
with the former one, if the result is greater than zero, which 
indicates CSVM is still increasing, then we ignore this sample and 
wait for the next signal and then repeat the comparison; but if the 
result is less than zero, which indicates the signal is peak, and we 
marks it. By this way, we can obtain the value of CSVM by 
calculating the difference between the peaks. We regard CSVM 
as the feature quantification. 

( ) ( )t t t kCSVM Max SVM Min SVM −= −          (2)      

Because human activities are complex and sensor has high 
sensitivity, so the collected signals have varying amounts of noise. 
The tiny movements or friction of body can cause the minimal 
changes in SVM, and will result much CSVM with small absolute 
value, which do not represent the real activities of body. So these 
points should be ignored, that means, if the CSVM satisfies 
equation (3), then this CSVM is deserted and is not used as 
quantity of state, otherwise, the points are collected.   

0.2t kCSVM g+ <                                                    (3) 

When using the equation 3, we find when the human body 
stays static, the value of CSVM is very small and is close to zero. 
But they reflect current state, which should not be ignored. That is, 
if the absolute value of CSVM is less than 0.2g and happens 
consecutively K times, then we take these samples as useful. In 
experiment, the value of K associates with sampling rate. In fact, 
if the samples satisfy the equation 3 and happen consecutively for 
more than 0.5 seconds, we regard the samples as effective, which 
indicates the body is static. 

2.2 Identification Algorithm 
The paper uses CSVM as quantity of state, which is modeled as 

an AR (1) process (an autoregressive model). 

1, 1 1t t t t tX Xρ ζ− − −= +                        (4) 

Xt: the quantity of state at t time; 
1 ,t tρ −

 : state transition matrix 

from the time t-1 to t;  
1tζ −
 : the discreet white noise with zero 

mean and variance Q.  

According to the above analysis, sum of N CSVM is regarded 
as the Xt, that is: 

1

( )
n

t k k
k

X F CSVM CSVM
=

= = ∑     k=1,2…n                (5)    

In this paper, we use least square method to estimate the 
parameter  

1 ,t tρ −
  and Q, as follows:        

1
1, ( )T T

t t M M M Zρ −
− =                     (6) 
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1, 2,... 1[0, ]T
tM X X X −= , 1, 2,...[ ]T

tZ X X X=  

It is not necessary to calculate 
1,t tρ −

  and  
1,t tQ −

  adaptively at 

every time. We find that   
1,t tρ −

 and  
1,t tQ −

  remain constant when 

the model does not contain much noise. When the  state of body 
comes to steady, according to equation 6, value of  

1,t tρ −
 is close 

to 1. In order to calculate efficiently, we regard 
1,t tρ −

  =1 

Value of CSVM reflects the trend of change of acceleration. 
The bigger of CSVM, it means the change of acceleration is much 
larger than before, which is a state transition. In order to fit the 
trends, we use Kalman filter [15] to dispose. 

1, 1 1t t t t t

t t t t

X X
Y H X V

ρ ζ− − −= +⎧
⎨

= +⎩
                       (8) 

tV ： the measurement noise with zero mean and variance R;  

tH I= ； 

From the equation 8, we can get the following results: 

ˆ ( )t t t t tX X K Y HX′ ′= + −
                     (9) 

1, 1 1, 1t t t t t t tP P Qρ ρ− − − −′ ′= +
                                     (10) 

( )t t tP I K H P′= −
                                                 (11) 

1( )T T
t t t tK PH HPH R −′ ′= +                                 (12) 

ˆ
tX : posteriori estimation at t time, tP  :posteriori estimate 

error covariance; tX ′   : prior estimation at t time, 
tP′  : prior 

estimate error covariance; tX  : real value at t time; Kt: the gain. 

The measurement noise in equation (8) has the characteristic of 
Gaussian white noise. In practice, we should get statistical 
characteristics of it. Because the measurement noise exists in 
every state, so we can get its mean and variance by analyzing the 
statistical characteristics of the samples. In this paper, it assumed 
that people move from a still state, so the initial state of system is 
the still state of human, this means that the mean and variance of 

initial acceleration is zero and R respectively. That is: 0
ˆ 0X =  , 

0P R=  . 
When body comes to the steady state, ˆ

tX    comes to a constant. 
So we can identify the state according to the value of ˆ

tX  . 
According to the experiments and analysis, we can get: 



(1) ˆ  <0.2gtX , the body stays a static state ； 

(2) ˆ ˆ( ) 0.5t t kX X g−− < , [0.... ]k i∀ ∈ , the body stays a steady state, 
that means human repeats an activity; 

(3) ˆ ˆ( ) 0.5t t kX X g−− > , (0.... ]k i∀ ∈ , the human stays a non-
steady state, that means there is a state transition; 

In above equations, parameter i associates with the sampling 
rate. When the signal satisfies the equation and arrives continually 
in 0.5 seconds, we think it is available. 

3. EXPERIMENT AND RESULTS 
In this section, we conduct experiments to evaluate whether the 

algorithm is effective for detecting the state of human. We first 
describe the experiment setup, and then analyze the evaluation 
results.  

3.1 Experimental Setup  
The experimental system consists of a measure unit, a 

Bluetooth module and a processing unit. We choose ADXL345 to 
compose the measure unit, which is a small, thin, low power, 3-
axis accelerometer with high resolution measurement at up to 
±16g. Digital output data is formatted as 16-bit two complement 
and is accessible through either a SPI or I2C digital interface, here 
we choose the I2C interface. The sampling frequency was 20HZ 
and the range of the sensor output was ±8g, which satisfies the 
needs of human’s daily life. According to the previous study, we 
know that the acceleration is affected by the sensor’s location and 
attachment. The upper body suffers less influence caused by the 
movement of hands or legs, so it can reflect the state of whole 
body. But sensor on the hip or waist is affected much by the 
movements of legs, which contains much information about the 
gait style. In the paper, we fix the accelerometer on the chest level 
and waist respectively and compare the results. The Bluetooth 
model is responsible for transmitting signal; the Bluetooth chip 
used here is CSR-57E687BU723AN, which performs high 
processing speed. There are two units in the chip, they are DSP 
and VM. In order to reduce the delay time on transmitting, we 
choose DSP to get the samples from the register of the 
accelerometer. The central device in data processing and activity 
recognition is a Smartphone (I858, Shanghai) with Android 2.2, 
its CPU is 621MHZ and memory is 200MB. 

 
Figure 1. placement of the sensor 

3.2   Experimental Results 
Sessions of trials were realized to assess the performance of 

algorithm. Ten healthy adult subjects (five male and five female, 
1.70m average height, aged 27 years, no obvious disease on the 
leg) were asked to perform according to the activity plan (see 
table 1). The experiments were carried out in unsupervised 
environments, which can reflect human’s daily life really. In the 
experiment environment, the ground is flat and there is no 
obvious slope, the stairs with 13 steps is 0.1-meter height and the 
chair is 0.4-meter high with a soft cover. The subject’s pace is for 
100 to 110 strides in 60 seconds. The sample frequency is 20HZ; 

we got 2000 data sets about one activity. The accelerometer were 
placed on top chest and waist respectively, the smart phone were 
taken on the subject’s hands or placed on his pocket. When the 
subject performed the following activities: standing quiet-
>walking with normal speed->sitting –>walking with normal 
speed->standing quiet, the results are as follows. Among these 
figures, from 2 to 4 are the results that the subject wearing the 
accelerometer on the chest; others were the results that the subject 
wearing the accelerometer on the waist. 

 
Figure 2 result of  sum of 1 CSVM (on the chest) 

 
Figure 3. result of  sum of 3 CSVM (on the chest) 

 
Figure 4. result of  sum of 1 CSVM (on the waist) 

 
Figure 5. result of  sum of 3 CSVM (on the waist) 

From above figures, we know that placement location is one of 
important factors affecting the results. The accelerometer placed 
on chest reflects the whole body’ activities more precise than that 
on the waist. On the figures, the rising or dropping of the curve 
indicates that the human’s state is changing, smooth curve 
indicates that the human’s state is steady, e.g. continuous walking; 
the curve almost overlapping with the horizontal axis indicates 
that human is static. Meanwhile, we find that processing result of 
sum of 3 CSVM is better than that of 1 CSVM. From analysis 
kinematics characteristic, we find that there are two moments 
when feet strike the ground that causes two wave peaks on the 
diagram of SVM on one gait cycle. So we use the sum of 3 
CSVM as the quality of state.  



When the subject did activities: standing->walking with a fast 
speed- >walking and with a slow speed-standing, the results 
performed as figure 8:  

 
Figure 6. result of different rate(on the chset) 

From the figure 8, we can see that if the subject performs the 
same activity but with different rate, e.g. walking with a fast/slow 
rate, there is an obvious difference on the result processed by the 
algorithm. We find that the algorithm regards the same activity 
with different rate as the different one. The reason is that the 
value of CSVM is different, and the algorithm thinks there is a 
state transition. 

Table 1. comparison of accuracy rate by using the SRKF 
algorithm and the threshold algorithm when placing  sensor 
on the chest 

activity SRKF 
algorithm 

SVM threshold 
algorithm 

Walk-downstairs-walk 95.00% 90.00% 
Walk-upstairs-walk 95.00% 90.00% 
walk—run—stand 94.00% 91.3% 
stand—sit—stand 97.30% 95.00% 

walk—downstairs—
walk—upstairs 

93.00% 91.7% 

Walk slow—walk fast—
run 

95.00% 89.00% 

Stand quiet 87.00% 80.00% 

From table 1, we can find that the SRKF algorithm has better 
accuracy in unsupervised environment than the threshold 
algorithm. 

4. CONCLUSION 
According to the kinematics characteristics of human, the paper 

proposes an algorithm to identify the state of human. 
Experimental results show that the method is better in accuracy 
and real-time than the traditional ways which only use threshold 
of acceleration. Now identification of human activities by using 
accelerometer is still at the experimental stage, the reason is that 
experiments are restricted and simple in the lab environment; (2) 
the algorithm was always processed on the small samples, that is, 
the number of subjects were always less than 50 and the 
continuous sampling time were less one month. The future work 
is to improve the hardware (suitable for integration devices in a 
jacket) and develop simple classification algorithm to identify the 
specific activity on a battery-powered mobile device. 
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