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Abstract: The development of wireless embedded systems for classifying and monitoring animal behaviors has become 
increasingly appealing for animal production and health monitoring purposes.  In recent years, there has been an emphasis on 
using wireless accelerometer systems to identify cow behaviors because they can offer significant data for efficient 
classification.  However, while implementing such a system in outdoor environments, the high power consumption of the 
wireless transceiver is one of the main drawbacks and has been shown to be a big challenge to maintain, especially when 
transmitting data through XBee RF modules.  To fulfill the requirements of power reduction, this paper proposes a technique 
based on time-triggered architecture for controlling the transmitted rate of XBee RF modules.  In the proposed architecture, 
changes in behavior of the cow result in the XBee RF module being in active mode.  Otherwise, when the cow does not 
change its behavior the XBee RF module is in sleep mode.  The results show that the proposed architecture can help to achieve 
a significant reduction in power consumption of the wireless embedded system and improve the battery lifetime. 
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1  Introduction  

The detection of animal behavior has been the subject 
for a wide range of studies. An analysis of cow activity to 
identify health problems or the risk of cows for a disease 
would have a significant impact on practical farming and 
also be useful in alleviating health and economic costs 
associated with the illness. When designing the 
automated system for monitoring animal behaviors, 
especially in outdoor environments, many recent studies 
have focused on using remote sensor systems to 
objectively classify and monitor cow behaviors. In 
addition, most researchers have stated that cow behavior 
monitoring represents a class of wireless sensor network 
applications with enormous potential benefits for 
practical farming (Mainwaring et al., 2002; Guo et al., 
2006; Nadimi et al., 2008a and 2008b; Darr and Epperson, 
2009; Robert et al., 2009; Martiskainen et al., 2009; 
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Nadimi et al., 2012; Santonia et al., 2015; Ritaban et al., 
2015; Apinan and Kuankid, 2016; Apinan et al., 2015). In 
the design and implementation of wireless sensor devices, 
most relevant papers employed an XBee RF module as a 
wireless transceiver. However, such a module requires 
high power consumption when it operates in an active 
mode. For example, the implementation of a wireless 
accelerometer system, employed XBee RF module as a 
transceiver. The peak current while transmitting and 
receiving data, and power down mode were 150 
(International variant), 55 and 0.01 mA, respectively 
(Digi International Inc., 2009). 

As compared to the other parts such as an acceleration 
sensor and a microcontroller operating in active mode, it 
can be seen that the XBee RF transceiver uses higher 
power consumption. For wireless sensor networks, energy 
efficiency is one of the important functional indexes since 
it directly affects the life cycle of the system. Replacing 
batteries regularly for failed sensor nodes in huge 
wireless networks is not convenient due to terrain and 
space limitations and also due to hazardous environments 
in which they are placed in. However, there have been no 
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studies exploring the way to maintain the power reduction, 
particularly in the XBee RF module in the analysis and 
implementation phases of such a system.  

Therefore, the objective of this paper was to reduce 
the power consumption for automated classifying system 
architecture. For the proposed system, cow behavior is 
detected. If behavior changes, the XBee RF module will 
be awakened to send data to the base station. After 
processing of the data transmission has finished, the 
XBee RF module returns to sleep mode. This process 
results in very low power consumption of the XBee RF 
module. This paper is organized as follows: section II 
describes the materials and methods used for reducing the 
power consumption of the wireless embedded sensor 
device; section III explains the experimental 
measurement and evaluates the results; the final section 
provides a conclusion.  

2  Materials and methods 

2.1  Power consumption of high transmission rate of 
wireless embedded sensor device 

To monitor cow behaviors, the wireless embedded 
sensor device is attached to the neck or a leg of the cow 
for measuring movement data. These data are sent 
through the wireless transceiver or the wireless sensor 
network to the base station for classifying the behaviors. 
Figure 1(a) shows a diagram of the wireless embedded 
sensor system for measuring the cow’s movements. In an 
ideal situation, the acceleration data corresponding the 
cow’s movements should be continuously sent via the 
XBee RF module to the base station with a high 
transmission rate to preserve an accurate classification. 
This causes high power consumption as shown in Figure 
1(b). 

 
(a) Wireless embedded sensor system 

 
(b) Power consumption of transmitting at 1 s 

Figure 1  General system architecture for classifying the animal behavior 
 

2.2  Proposed system architecture  
In the design of the target architecture, the wireless 

transceiver should send the data to the base station just in 
case of the cow changing its behavior. Figure 2(a) shows 
the architecture of the wireless embedded sensor system 
for classifying and monitoring cow behaviors using the 
accelerometer.  

In the proposed system, the behavioral classification is 
processed in the wireless embedded sensor device. 
Between the processing, if the cow changes to a different 
behavior, the wireless transceiver will be set in an active 
mode and send the results to the base station for system 
monitoring. If the cow does not change its behavior, the 

wireless transceiver will be set in sleep mode to reduce 
power and would not send any data to the base station. 
Consequently, this architecture is able to significantly 
reduce the transmission rate to the wireless transceiver 
instead of sending a sequence of fixed periodic time. This 
means that such architecture can reduce the average 
transmitting power in the automated system as shown in 
Figure 2(b). 

From the basic idea of the proposed system, the 
processing of the behavioral classification should be 
implemented in the wireless embedded sensor system. 
However, most techniques such as support vector 
machines, neural networks, convolutional neural networks 
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and dynamic time warping are necessarily constructed 
with an excessive amount of mathematical operations and 
high highly-resource requirements (Nadimi et al. 2012; 

Santonia et al. 2015; Ritaban et al. 2015; Apinan and 
Kuankid. 2016; Apinan et al. 2015). 

 

 
(a) System architecture for classifying cow behaviors 

 
(b) Cow behaviors versus power consumption with behavioral classification 

Figure 2  Proposed system 
 

Therefore, these techniques may be unsuitable to the 
resource-constrained embedded devices, particularly when 
employing a low-cost microprocessor. Therefore, this 
paper uses a simple classification technique based on a 
decision tree methodology by classifying the cow 
behaviors into three groups that are standing, 
walking-grazing, and lying behaviors (Apinan et al., 2015). 
Because of the simple algorithm, this technique uses a 
much lower computational cost and can easily be 
implemented within the wireless embedded sensor system.  
2.3  Behavioral classification based on magnitude and 
variance of acceleration signals 

In practical terms, to measure the data of the cow’s 
movements, the wireless embedded sensor system, 
containing the accelerometer, microcontroller and 
wireless transceiver, is fitted around its leg. Figure 3 
shows the relationship between the acceleration and the 
angles of each axis. Please note that, when the animal is 
standing, the Y and Z axes are perpendicular to a leg 

while the X-axis is perpendicular to the ground.  

 
Figure 3  Installed position of wireless embedded sensor system 

 

To find a way to process the behavioral classification, 
the acceleration data measured every 1 s (sample rate   
1 Hz) in three dimensions using a digital accelerometer 
(MMA8452Q) are analyzed. The time series of 
acceleration data are shown in Figure 4, each graphic 
represents the three-axes voltage (X, Y and Z) that shown 
different levels during each activity. It can be seen that 
each behavior displays a distinct acceleration pattern. 
With regards to the threshold values, these were achieved 
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by measuring the voltage level of the cow behaviors and 
computing the average value for each behavior. These 
threshold values are determined initially and applied to 
classify the behaviors of all cows. 

 
(a) Standing  

 
(b) Walking-grazing  

 
(c) Lying down 

Figure 4  Graphical representation of acceleration data collection 
classified by behavior groups 

 

In the process of classification, considering Figure 4, 
the voltage levels of the three-axes of lying behavior are 
different from the other behaviors. Therefore, lying 
behavior can be classified by using the threshold voltage 
levels. Because the voltage levels of standing behavior are 
very similar to those of walking-grazing behaviour, it is 
difficult to use the threshold voltage levels for classifying. 
As can be seen, the variation of the Y axis of 
walking-grazing is very oscillatory when compared with 
that of X and Z axes. Therefore, the walking-grazing mode 

can be identified by using variance of Y axis.  
To implement such algorithms in the embedded 

system, we firstly represent two steps as follows: 
 (1) In the first step, the cow behaviors are divided into 

two groups: 1) the standing and walking-grazing behaviors, 
and 2) the lying behavior. Considering Figure 4, the 
threshold of each axis can be found as follows: 

While the cow is standing or walking-grazing, the 
average voltage of each axis can be found by Equation (1) 
and (2), respectively. 
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Therefore, the average voltage of each axis of the 
standing and walking-grazing behaviors are found by 
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While the average voltage of each axis when the cow is 
lying.   
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Therefore, the threshold of each axis using in 
classifying the standing and walking-grazing behaviors 
with the lying behavior is found by  
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The behavior is classified every 60s, therefore, the 
average voltage of the present data of each axis can be 
found 

60

 
1

1
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C R
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= ∑                 (6) 

where, Ri is the acceleration data of cow’s movements for  
i = 1, 2…N; N is the data number, 1, 2…300; j is the axis 
for X, Y and Z. 

The acceleration data of each axis, Ri is received every 
second where i = 1, 2…60. Then, these data are averaged 

to give XC , YC  and ZC  that are compared with the 

thresholds rXR , rYR  and rZR  respectively, based on the 

decision tree. Thus, these processes result in the two 
behavioral groups: 1) standing and walking-grazing, and 2) 
lying. 



December, 2018             Time triggered wireless accelerometer power saving architecture              Vol. 20, No. 3   249 

(2) The second step is to classify the standing and 
walking-grazing behaviors using the variance of the Y axis. 
The average voltage of the variance of the Y axis while the 
cow is standing found by  

( )2

2 1
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R
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=
−

= ∑ μ
σ           (7) 

And, the average voltage of the variance of Y axis 
while the cow is walking-grazing as  
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Therefore, the threshold for classifying these behaviors 
can be found by  

2 2
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For the variance of the present data of the Y axis 
acceleration is  
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where, YC  is  the  Y  axis  average  voltage  of  the  

acceleration data. The result of the variance of Y axis 
from Equation (10) is compared with the threshold value 
from Equation (9). If the variance value of the Y axis is 
higher than that of the threshold, it means the result is 
classified as walking-grazing behavior. On the other hand, 
if the value is lower than the threshold, the result is 
classified as standing behavior. 
2.4  A wireless embedded sensor system based on 
time-triggered architecture 

The system software of this application is designed 
based on a “clock-driven” or “time-triggered” system. 
Such a system will be activated by all tasks with a specific 
time instant based on a periodic timer (Jane, 2000). 
Therefore, TT architecture is suitable for a wireless 
embedded sensor system that prepares all tasks in a fixed 
time step. In addition, the TT architecture will place the 
processor into sleep mode after complete execution of 
tasks in order to reduce the power of the operating system. 

In the TT architecture, the behavioral classification 
approach is designed with the algorithm as shown in 
Figure 5. In this flowchart, the system will generate a tick 
interval every 1s to power up the accelerometer and 
record raw data from three-axes values. The consecutive 

acceleration data of 60s are used to calculate the mean 
value for each axis and for sorting the behavior by using 
the classification approaches from Equations (1)-(10). 
After classified processing has finished, the current 
behavior is compared with the previous behavior. If the 
behavior has changed, the XBee RF module is awakened 
by setting its pin sleep to low. Then, the data frame 
consisting of date and time from the real-time clock, and 
current behavior, are sent to a wireless transmitter. 
Finally, the scheduler then places the XBee RF module 
into sleep mode, the pin sleep is set to high, and waits 
for the next tick interval after completing their 
execution. 

 
Figure 5  Flowchart of wireless sensor software based on 

time-triggered architecture 
 

To ensure that the system obtained accurate date and 
time for system monitoring of cow behaviors, the 
microcontroller was interfaced with a serial real-time 
clock DS1307 (Dallas semiconductor). The DS1307 was 
transferred serially with a 2-wire, bidirectional bus. The 
real-time clock provides accurate date and time 
information. 

For a wireless transceiver, the sensor used an XBee Pro 
series 1 module. The module was designed to meet IEEE 
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802.15.4 standards which operate at 2.4 GHz. It was 
connected to the microcontroller via a UART interface. 
This can connect directly to the pins of the RF module.  

This firmly integrated with all the components that 
were assembled onto the printed circuit board. Battery 
power was supplied to the embedded device by a 
rechargeable Lithium-ion 3.7V, 1,000 mAh.  

3  Experimental results 

The performance of the proposed system was tested at 
the centre for the technology transfer agriculture (CTTA), 
Mahasarakham University, Thailand. In the experiments, 
we examined the results of the accuracy rate of the 
classification and the current consumption of the XBee RF 
module. The classified results of the proposed system were 
compared with those of manual observations in order to 
approximate the accuracy rate. The current consumption 
and the time duration during the transmission operation of 
the XBee module was measured to verify the reduction of 
the power consumption in the proposed system. 
3.1  Classification success rate   

Five cows were used in the experiments. The 
experimental data were recorded for 5 days (between  
8.00 AM and 4.00 PM). To find the success rate of 
classification, the wireless embedded sensor device was 
installed around a leg of the cow. The acceleration data 
relate to the cow’s movements measured with a sampling 
rate at 1 Hz. The threshold value of each axis used in the 
classification of the standing and walking-grazing 
behaviors from the lying behavior were found by using 

Equation (5), 1820,rXR = 1520rYR =  and 1570rZR =  

While the threshold of the variance value of the Y axis for 
classifying the standing and the walking-grazing activities, 
PPY was 3.1, found by using Equation (9). The results of 
behavioral classification were sent to the base station for 
recording the behaviors versus time. The success rates 
were determined by comparing the percent agreement 
between manual observation and the proposed 
classification method during the entire experiment. Table 
1 shows the percentages of correct classification of the 
proposed method. According to the table, the proposed 
techniques were able to classify the cow behaviors with a 
high classification success rate.     

 

Table 1  Percentages of correct classification during the entire 
experimental period 

Behavioral mode 

Cattle number Walking and looking 
for the grass (%) 

Standing 
(%) 

Lying down 
(%) 

Cow #1 98 87 93 

Cow #2 98 95 95 

Cow #3 97 89 93 

Cow #4 98 91 95 

Cow #5 97 95 93 

Mean (µ) 97.6 91.4 93.8 

Standard deviation (σ) 0.55 3.58 1.10 
 

3.2 Power consumption                                        
The XBee PRO S1, 60mW module from Digi 

International, XB24-ZB model, was used in the 
experiments. The UART data frame consists of 8 bytes. 
There is an identification number of the cow (1 byte), the 
result of classification (1 byte), and grouping of the date 
and time parameters (6 bytes). Experiments were set up in 
the laboratory for measuring the current consumption of 
the XBee module. All parameters of the experiment were 
configured as follows:  

• Each transmitting frame consisted of 8 bytes. 
• The transmit power was set at maximum power 

(PL=4).  
• Supply voltage was 3.3 V.  
• Time to wake up the XBee module was set at 15 ms 

and to transmit the data frame was 30 ms.    
• Shunt resistor for measuring the current was 5Ω.               
To find the current consumption, the transmission rate 

was set at 1 s. Time period to wake up the XBee module 
and the time periods used in transmission of the data frame 
were set at 15 and 30 ms. The experimental results are 
shown in Figure 6(a). The maximum current peak is equal 
to 128 mA (640 mV 5Ω-1). The zoom version of the 
current is shown in Figure 6(b). Its average was calculated 
about 18mV for completing the cycle 1 s, therefore, the 
current consumption is equal to 3.6 mA (18 mv 5Ω-1) 
resulting in the battery lifetime of about 277.7 hours. 
Reduction of the transmission rate can extend the battery 
lifetime but it causes errors in the classification.      

Figure 7 shows the time plotting of the behavioural 
classification results of two cows. The lying, standing and 
walking-grazing behaviors were transformed to the 
voltage levels, 1.5, 2.5 and 3 V, respectively. The red 
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points show the time triggers to wake up the XBee 
modules when the cow was changed to a different 
behavior. At each point, the XBee module uses the time 
period in the active mode, for completing the transmission 
the data frame 8 bytes, 45 ms. From the results, the cow#1 

and cow#2 changed their behaviors 34 and 36 times 
respectively during 8 hours. Therefor current 
consumptions of each XBee module were very low, 
approximately 21 and 22.5 µA respectively. The battery 
lifetime can be extended to 47,169 and 44,444 hours. 

 
(a) Transmission rate at 1s (200 mV div-1, 250 ms div-1)  (b) Its zoom version (200 mV div-1, 10 ms div-1) 

 

Figure 6  Current consumption of XBee module 
 

 
Figure 7  Behavioral time periods of two cows and points to awake the XBee RF module 

 
 

4  Discussion 

This paper proposes a technique for controlling the 
transmission rate of the XBee module. In this technique, 
the process of the behavioral classification and the 
time-triggering architecture were implemented in the 
embedded sensor device. The result of the behavioral 
classification was checked by the time-triggering process. 
If the cow changed its behavior resulting in the XBee 
module operating in active mode. On the other hand, if the 
cow behavior did not change, the XBee module is placed 
in the sleep mode. In our experiments, we examined two 
viewpoints.  

Firstly, we examined the results of classification rate.  

Five cows were used. From the results, the success rates of 
the classification were more than 90 percentages all the 
cases when compared with video observations. However, 
there were some errors because the variance of the Y -axis 
is sensitive. When the cow was standing, the result of the 
system may show the walking-grazing behavior. The 
parameter choice used within the algorithm, behavioral 
variation across individual cows could have an effect on 
the classification performance. Each cow would have 
different values for the threshold.  

On the second viewpoint, the power consumption, the 
XBee RF module was triggered to send the data to the base 
station at the beginning of the behavior changes. From the 
results, the system shows the average current consumption 
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reduced. Although, the proposed system shown the 
performance of the success rates of the behavioral 
classification and the power consumption reduction. The 
embedded sensor device was mounted on the cow’s leg. 
This is difficult in practice and this limitation might be 
overcome in future work by mounting the sensor on the 
cow’s neck. 

5  Conclusion 

This paper presents the design of a wireless embedded 
sensor architecture to classify cow behavior in an outdoor 
environment. The sensor uses acceleration data with a 
low-cost processor and a low-power monitoring system. 
This is intended to reduce the impact of high-power 
consumption that occurs in a wireless sensor node while 
transmitting data through an RF transceiver. The system’s 
performance is based on the average power consumption, 
the lifetime of battery, and the success rate of the 
behavioral classification. Overall, this paper concludes the 
use of proposed architecture is an efficient wireless 
embedded system for use with a wide range of outdoor 
environment.  
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