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Abstract: This paper presents lossless compression algorithm to minimize the power consumption of the 

wireless sensor network (WSN). The sensor and receiver node consumes more power when transmission of 

data is taking place. In addition, huge data are processed in the network which also consumes energy. The 

main contribution of this paper is to prolong the battery life of the sensors by using compressive sensing to 

lessen the transmission activity and data processing. CS is a lossless data compression technique that is 

used to represent the signals into sparse, linear encoding and transformation matrix, and sparse recovery. 

Discrete Fourier transform is used to get the nonzero coefficient of the signals. L1 minimization is used to 

recover the signal into its original form.  
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1. Introduction 

Data compression in wireless sensor network aims to reduce the power consumption of the system [1]. 

Wireless sensor network (WSN) is composed of different sensor nodes interconnected to each other and 

transmit the data to the base station. The sensor node measure physical conditions such as temperature, 

humidity, light intensity and carbon dioxide. It digitizes the inputs and transmits it to the base station which 

will be needed for monitoring and collecting the data. A typical sensor node is comprises of sensing unit or 

sensors, processing unit, communication unit and power supply unit. The sensing unit consists of analog to 

digital converter and the commercially available sensors. The processing unit is comprises of processor, 

memory and input-output ports. The communication unit is the radio transceiver and receiver of the WSN. 

Sensor nodes deployed in different areas need continuous power supply to meet its purpose. It process 

huge amount of data and this is one of the main factors that consume more energy and resources. Another 

factor that consumes more power in the activity of the WSN is data transmission. According to Kimura and 

Latifi [2] about 80% of the sensor node power is consumed in transmitting the data. Replacing the battery 

often may hinder accuracy and continuous monitoring of the system. Processing less data can contribute to 

extend the battery lifetime of the WSN. 

WSN has a wide area of application. It is used to monitor health conditions of the patients such as heart 

rate, blood pressure, temperature and other physiological signals [3]-[5]. It is also applied in military 

applications as presented by Durisic et al. [6]. In addition, WSN is also installed in a greenhouse [7] to detect 

the soil moisture of the plant. Low power consumption is very important in WSN to continuously monitor 
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the conditions of the signals. In this paper, a compressive sensing algorithm is used to minimize the data for 

reduction of transmission energy in the WSN. Different with the traditional method to sample all the signals 

with doubling frequency rate, the proposed method only sampled larger coefficients of the signals and 

disregarding the rest of the signals. It successfully reduced a huge part of power consumption in WSN. The 

rest of the paper is organized as follows. Section 2 discussed the background of compressive sensing 

algorithm. Section 3 discuss and simulate the compressive sensing algorithm. Section 4 presents the power 

consumption. Finally, Section 5 makes a brief conclusion of this work. 

2. Background of Compressive Sensing Algorithm 

Compressive sensing (CS) algorithm is a new paradigm in signal processing particularly for data 

acquisition [8], [9]. In a conventional sampling process known as the Shannon-Nyquist theorem [10], [11] 

the sampling rate must be twice as the highest frequency of the signal being measured. For instance, if the 

highest frequency of the signal is 30 KHz, the sampling rate must be greater than 60 KHz in order to recover 

the original signal. In compressive sensing algorithm, it requires a sampling rate lower than the Nyquist rate 

to recover the original signal. It will only process the large coefficients and disregard the zero coefficients. 

This type of compression algorithm reduces the size of data sent and decreases the storage requirements of 

the system. Moreover, it will also lessen the transmission activity of the sensor node. Compressive sensing 

deals with acquiring the signal with a few numbers of measurements. It collects massive amount of data 

and compresses the data by neglecting most of the samples. Many researches in compressive sensing focus 

on image processing [12]-[14]. There are three parts in CS algorithm that need to be considered as 

illustrated in Fig. 1. The first part is the spare representation of the signal, second is the encoding and 

decoding of the measurement vectors. The last part is the recovery of the sparse signals.  

 

 
Fig. 1. Compressive sensing algorithm process. 

 

The first consideration in a compressive sensing algorithm is the sparsity of the signal. In order to recover 

the signal in its original form, the signal should have a sparse representation. Suppose that �  ϵ ℝ� is the 

sensor readings of � signals and � is a dictionary [15]. Assuming that the signals are sparse, the 

representation of the compressible signal can be expressed as: 

 

� =  ∑ 
���
�
��
                                       (1) 

 

where � is the sparse representation of the signal and � = ��
, ��, �� … . ��� is the transformation basis, 

and 
 is a K-sparse representation of �. A signal is said to be sparse if most of the coefficients are zero. 

Disregarding the zero coefficient will not loss much of the information of the signals. The compress signal 
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can be represented in the form of equation 2.  

� =  ��                                        (2) 

where the sensing matrix � =  ��
, ��, ��, . . . . ��� is a  � × �  CS matrix. The �  is now an � × 1 

measurement vector and � is an � × 1 column vector. Since y is � × 1 vector, therefore it is easier to 

transmit the data over the network. 

Compressive sensing requires low coherent pairs. Coherence measures the largest correlation between 

any two elements. If the sensing vector � and the sparsifying matrix � are more incoherent, less number 

of samples is necessary in order to accurately recover the original signal [16]. The RIP can be connected to 

coherence property. The function and applicability of RIP in compressive sensing are presented in these 

works [17], [18]. It explained that RIP is suitable for to use as the sensing matrix property Φ. This gives an 

accurate result for the under sampled measurements. RIP on the other hand is the solution to noise and 

imperfect measurements that may arise while acquiring the signals. “A sensing matrix is said to satisfy the 

RIP of order K if there exist a constant δ є (0, 1) such that 

�1 − ��||�||�
� ≤ ||��||�

� ≤ �1 + ��||�||�
�                          (3) 

where : δK is the isometry constant and � is the " dimensional vectors [19]”. 

L1 minimization recovers the signal without knowing the number of nonzero coefficients in sparse 

representation. It is a very effective sparse recovery algorithm in a noisy measurement [20]-[22]. Replacing 

#$ — norm by #
 norm in linear programming is known as basis pursuit [23] is expressed as:  

min( ∈ *+ ||�||
 subject to � =  ��                            (4) 

 

3. Simulation of Compressive Sensing Algorithm 

Data transmission consumes most of the energy in WSN. In order to save the energy, the reduction of data 

transmission over the network is the primary importance. The compressive sensing algorithm was 

simulated using MATLAB software to verify if the signal can be recovered to its original form. The sparsity 

of the signals are the non-zero coefficients. With this in mind the system will only focus on the large 

coefficients and zero coefficients will be neglected. Discrete Fourier transform was used to acquire the large 

coefficients of the signal. The sensing matrix � =  ��
, ��, ��, . . . . ��� is an M × N matrix, where M « N. The 

sparse representation of the signals can be expressed using equation 1. There are 512 samples with four 

different frequencies used in this simulation as shown in Fig. 2. After running the program, the 512 samples 

signal can be represented with only six large coefficients as depicted in Fig. 3. Using L1 minimization, it 

recovered the original signal using only the six large coefficients as illustrated in Fig. 4. 

 

 

Fig. 2. Original signals with four different frequencies. 
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Fig. 3. 512 samples with 6 non-zero coefficients.  

 

 

Fig. 4. Original signal compared to the recovered signal. 

 

4. Proposed Application of Compressive Sensing Algorithm 

In this paper, compressive sensing algorithm is proposed to implement in greenhouse monitoring system 

for power consumption. If the sensor node uses CC2530 based on the measurement setup in the Application 

Note of CC2530 [24], the current consumption of the microcontroller can be estimated using the operating 

mode of the microcontroller. For Operation 1, there is no sending of data to the receiver node. Therefore, the 

microcontroller will immediately go to sleep mode. For Operation 2, there is a message sending. Hence, the 

receiver will wait for the message and return an acknowledgement signal to the sending node. In Operation 

3, it is the same as Operation 1 but instead of transmitting the MAC data request it transmits the Toggle 

command. Operation 4 is the same as Operation 2. However, while waiting for the message to receive a 

Default Response, the command is sent. The current consumption of each mode is summarized in Table 1. 

 

Table 1. Current Consumption of CC2530 [24] 

Mode of 

Operation 
Time (ms) 

Consumption 

(mA * mS) 

Operation 1 6.5825 100.5775 

Operation 2 23.865 388.4335 

Operation 3 7.2025 120.4175 

Operation 4 13.01 245.669 
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Assuming that the greenhouse monitoring system senses the temperature every 5 seconds and transmits 

the data 20 times within 24 hours. The total current consumption of the CC2530 can be computed as: 

 

4456578 =  4498::; +  446;
 × 17,260 + 446;� × 20 + 446;@ × 20            (5) 

 

447A: =  �86400 + 100.5775 × 17260 + 120.4175 × 20 + 245.669 × 20�
86400F = 21.18uA 

 

If the capacity of the battery is 2000mAh, the battery life can be calculated as 2000mAh / 21.18uA = 

94428.7 hours or equivalent to 3,934.5 days. Please refer to the application note [24] for the detailed 

discussion on the measurement setup of CC2530.  

The average current consumption of the existing system under normal operation (44H6IJ78) is 29.6mA, 

when the MAC return or sending data mode (449:HK9575L9) is active the average current consumption of the 

system is 34.21mA. If MAC returns data every 60 seconds, the average current consumption of the existing 

greenhouse system is computed as: 

 

60 × 60 × 24 = 86400 s �per day� 

 

447A: = �44H6IJ78 + 449:HK9575L9�/86400                          (6) 

 

44STU =
�29.6VW × 85260� + �34.21VW × 1140�

86400
= 29.66 mA 

 

The battery life = 2000mAh / 29.66mA = 67.43 hours or equivalent to 2.8 days. 

The proposed system will implement three modes of operation 44Y8::;, 44H6IJ78, 449:HK9575L9. It will 

sense data every 60 seconds, transmit it every 300 seconds, and switch to Sleep mode for the remaining 

time within 24 hours. For the proposed system the average current consumption is computed as follows:  

 

447A: = �4498::; +  44H6IJ78 + 449:HK9575L9�/86400                     (7) 

447A: =
�5VW × 84672� + �29.6VW × 1440� + �34.21VW × 288�

86400
= 5.5mA 

 

The battery life = 2000mAh / 5.5mA = 363.63 hours or equivalent to 15 days. Table 2 summarized the 

ideal average current consumption of the CC2530. It shows that using compressive sensing algorithm, the 

CC2530 will consume less power.  

 

Table 2. Current Consumption 

Method 
Average Current 

Consumption 

Battery 

Life 

Non compressive 

sensing 
29.66mA 2.8 days 

Compressive sensing 5.5mA 15 days 

5. Conclusion 

The compressive sensing algorithm reduced the amount of data that is being processed over the network. 
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Limiting the number of measurements that are being processed will greatly reduce the power consumption 

of the system. In addition, the transmitting activity of the WSN is minimized. It prolonged the lifespan of the 

battery. Using fewer sampling measurements, the original signal can be recovered using L1 minimization. 

This can also be used to other WSN applications. For future work, the CS algorithm can be implemented in 

ASIC.  
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