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I. Introduction 

In wireless sensor networks (WSNs) the power supply for sensor nodes is critical. The main goal 

is to extend the life cycle of a sensor node. There are two non-contradictory approaches to achieve 

this goal: 1) expand the power source: larger battery capacity or energy harvesting techniques; 2) 

reduce the energy consumption of the sensor nodes. The first approach is rather technological: 

development of new types of batteries or solar cells is out of the scope of our research. The energy 

consumption can be divided in two parts: 1) the energy consumption of the hardware components [1] 

(also a technological problem to reduce it); 2) the energy consumption resulted by the operation 

modes, which is depend on the software of the nodes. The operation modes can be the following: 1) 

measure; 2) communicate; 3) sleep. Each mode has different energy consumption. In some cases the 

measurement has similar or less consumption compared to the consumption of the sleep mode, 

usually the communication is the critical phase. 

 

Table 1: Energy consumptions of a sensor node in different modes. Case 1 is when the 

measurement has a significant consumption; in case 2 this is negligible. 

Operating mode Case 1 Case 2 

Measure 0.2 mA 0.002 mA 

Sleep 0.005 mA 0.005 mA 

Communicate 10 mA 10 mA 

 

According to Table 1. in case 1 the measurements (and the communication) are to be scheduled 

and in case 2 the communication needs to be scheduled in order to achieve lower energy 

consumption. It should be emphasized that the consumption of communication is indifferent from the 

direction, so the reception of data also has a high cost. For that reason, when the sensors are in sleep 

mode, communication towards the sensors is not possible. The reconfiguration of the sensors (setting 

of sampling rates) is only reasonable in the acknowledgement message after a successful 

transmission from the sensor (see Fig 1. where “A” means: Motion event happened or a scheduled 

transmission by the sensor. “B” means: Coordinator processes the new data and calculate the next 

wake-up time for this sensor and send acknowledgement. “C” means: The sensor processes the 

acknowledgement and goes into sleep mode for the given time.). 

 
Figure 1: Sequence diagram of the communication between the coordinator and two motion 

sensors. 

 

This paper is not an independent one, it is the summary of the PhD work of the last year presented in the minisymposium. 
It may contain parts of previously published documents or parts to be published later.
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II. Measurement scheduling 

The problem in brief: how to select the sampling rates of the measurements to reduce energy 

consumption, but maintain or control the measurement precision of the whole network.  

A Hidden Markov Model (HMM) was used to model the problem. To create the model, the states, 

state transitions, a priori probabilities, sensor models have to be defined. A case study has been 

presented using this method to schedule measurements of a motion sensor network. The purpose of 

the sensor network is to track a person’s movement in indoor environment (e.g.: an apartment). The 

HMM models the motion of the person, the problem is transformed into a finite state one, because 

spatial quantization is applied. The state vector represents the probability of positions of the person 

in the apartment. The state transition matrix defines the probabilities of moving from one position to 

another. 

 

The notations are the following for this actual example: 

•  k is the (discrete) time, 

• { }1 2 46, ,...,=X x x x is the set of possible states (in our simulation 46 positions are used), 

• { }1 2 20, ,...,=S s s s is the set of sensors used (in our simulation 20 sensors are used), 

• { }0,1=iO is the finite set of symbols the i
th

 sensor can provide  

The state transition matrix (A) is defined: 

 

  

(1)

 
 

We used a 10-day simulation and from first 5 days we accumulated the state transitions, so the A 

matrix contains the most possible routes for the target. The state vector (X) is the following: 

 

  

(2)

 
 

  (3) 

 

where k is the time index,   means the probability of the target is in “i” coded 

position if the measurements were y1:k. We have to calculate the probability of the next state in two 

cases. If there are new measurements: 

  (4) 

 

where the probability of the new measured information is represented by , this is calculated 

from Yk and from the sensor model. If there are no new measurements, we can predict one step 

according to the state transition matrix: 

  (5) 

 

The output of the HMM is a probability vector, representing the likelihood of the different 

positions of the observed person.  
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Figure 2: The block diagram of the system proposed for the actual application (Vk is the storage 

voltages of the sensors operated at k, Sk is the vector of the sensors reconfigured in the time k). 

 

Figure 3: The observed appartment is divided to these subsections. Each room is divided to 9 

subsections and the 45
th  

outside subsection is not marked on the figure.  

Sensor selection 

 

The sensor’s sampling rates can be configured in two settings: normal rate, increased rate. Based 

on the output of the HMM and the actual state of the sensors energy levels, some sensor will be 

configured to increased rate, others will be kept on normal rate. The selection is based on a cost 

function: 

 ( )
( )

C(i, j, k) rel i, j
voltage i, k

α
= +

 

(6)

 
where i is the sensor index, j is the index of the most possible state, α is a tuning parameter, it 

defines the weight of the energy level in the cost function. The distance function defines the 

relevance of the sensor to the most probable actual position of the target. The distance is calculated 

using the state transition matrix (A): the shortest possible path from the actual most probable state 

(position) to the state closest to the sensor is searched for. The rel(i,j) is a relevance function which 

results in a value inversely proportional to the relevance of the sensor to the estimated state. We can 

calculate that how many state transitions are needed from the actual most possible state to get in a 

state closest to the sensor. Optionally we can weight this number with the probabilities of these state 

transitions. We can substitute this calculation with a look-up-table, because it is independent from 

the actual time k. The sensor’s energy level is represented by the voltage of its storage capacitor. It is 

a good estimate, due to the linear voltage curve of a capacitor when continuous current is drawn from 
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it (the model is proven by measurements in [1][2]). We will put on the increased rate sensor list the 

first L sensors with the lowest cost. L is a parameter of the model. Optionally L can be substituted 

with a cost limit parameter. We calculate the costs to create an active sensor list in every k moment, 

but the particular sensors will be reconfigured only when a transmission exchange is performed with 

the coordinator. 

The proposed method was verified by simulation, further details in [3]. The results of a 10 day 

simulation are presented in Fig. 4. In the first 5 days only the A transition matrix was learned. The 

error is calculated from the distance of the simulated position and the center points of different 

subsections and it is averaged over the time. As expected the fixed measurement interval method 

produced the most accurate estimation in position, but it also has the highest energy demand. The 

“Simple” method maintained an active room where the last movement has taken place. The sensors 

in the active room are set to increased rate, others to normal rate. The time-of-day (ToD) method is 

worth mentioning from the basic methods. It produced remarkably better results than the other basic 

methods, but it is due to the used a priori information (night time and day time). The HMM method 

produced even better results (especially in consumption), and it did not utilized a priori information, 

the state transition matrix generated on-line. 

 
Figure 4: The resulted errors (left) and energy consumptions (right) od the simulation for each 

scheduling methods. 

III. Further work 

The case where the measurement cost is negligible should be further investigated. The transmission 

of the measurement could depend on the measured data and previous measurements of the other 

sensors. There was a strict limitation in the previously presented system: the sensors can be 

reconfigured after a data transmission only. If we can assume a low power radio system which can 

notify or reconfigure the sensors, various new methods can be elaborated. To prove these methods a 

real life test should be performed. 
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