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Abstract—In wireless data transmissions processes, data loss is 
an important factor that reduces the robustness of wireless sensor 
networks. In many practical engineering applications, data loss 
compensation algorithms are then required to maintain the 
robustness and such algorithms are typically based on 
Compressive Sensing (CS) with a large memory of 
microcontrollers needed. This paper presents an improved 
algorithm, based on random demodulator (RD), to overcome the 
difficulty of microcontroller-dependence in the traditional data 
loss algorithms. The newly developed algorithm demonstrates the 
following advantages: low space complexity, low floating-point 
calculations, and low time complexity. Therefore, it is more 
suitable to be embedded into ordinary nodes, comparing to the 
traditional algorithms. In this paper, a wireless sensor network 
(WSN) based on WiFi is also developed for verifying the 
effectiveness and feasibility of the proposed algorithm. Field 
experiment on Xinghai Bay Bridge is done. Experimental results 
show that the WSN works properly and steady. Moreover, the 
data loss can be compensated effectively and efficiently through 
the use of the present algorithm. 
 

Index Terms—Data loss compensation, WiFi, Wireless 
Sensor Networks (WSNs), Compressive Sensing (CS), 
structural health monitoring. 
 

I. INTRODUCTION 

OWADAYS, wireless sensor network (WSN) has been 
widely used either in the relevant industries, e.g., the  

structural health monitoring (SHM), including bridge health 
monitoring and tsunami or building monitoring [1][2], and the 
environmental control (agricultural area and disaster area 
monitoring [3]-[5]). Particularly in the area of SHM, due to the 
complexity of the structure, WSN is an essential tool for 
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structure monitoring. Data loss is usual under wireless sensor 
networks due to bad quality of wireless channel, sensor failure, 
and/or congestion. The issue of data loss has been reported by 
many researchers and become an important factor that affects 
the reliability of WSN and restricts the rapid development of 
WSN in SHM [6][7]. For the influence of lost data on structural 
analysis, Nagayama and Spencer [8][9] have investigated 
clearly the influence of lost data on structural analysis by means 
of simulation and experiment. They indicated that the impact of 
0.5% data loss is similar with 5% noise addition based on 
power spectral density (PSD) estimation. Furthermore, data 
loss is also able to introduce error into the modal analysis. 
Therefore, studies on wireless transmission loss and 
compensation are particularly relevant for WSN. 

Regarding data loss compensation, especially for structural 
health monitoring, many efforts have been made in aspects of 
theory, model and experiment [10][11]. Nagayama and Spencer 
[12] revealed a reliable mechanism of communication, in which 
data loss is compensated by transmitting repetitively the 
un-received packets. If base station does not receive all the data 
packets in a specified time interval, the mechanism of 
Nagayama and Spencer is considered failed. The reason is that 
the nodes will not always repeatedly send the same packets. 
This mechanism increases the reliability of data transmission, 
while at the same time, keeps the transmission time reasonably 
short. In addition, such a method does not eliminate the 
possibility of data loss. A complementary approach would be 
required to tolerate data loss to certain extent and recover the 
lost data from an algorithmic point of view. 

Inspired by CS technology, by means of which incomplete 
data can be reconstructed, this paper proposes a data loss 
compensation algorithm. The basic idea of this algorithm is that 
the raw signal is projected onto a random matrix to obtain the 
transformed signal, which may lose during wireless 
transmission. The main objective of this paper is to validate the 
presented data loss compensation algorithm and verify its 
feasibility. A WiFi-based WSN, which embeds the above 
proposed algorithm into wireless sensor nodes, is developed. 
Results are verified by monitoring the lifting process of Dalian 
Xinghai Bay Bridge. 
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II. THE DATA LOSS COMPENSATION ALGORITHM 

A. The Principle of CS-based Data Loss Compensation 
Algorithm 

Suppose that an one-dimensional signal x ( nx R ), which 

satisfies the sparse conditions is converted to 

signal y (
my R , m n ) as follows 

 

y = Φx                        (1) 

 

where Φ is measurement matrix [15][16] . 

It is assumed that there are ln data lost in vector y . The 

received incomplete data is therefore ŷ  (
ˆˆ my R ), 

with ln data removed from y . Taking the data loss into account, 

(1) can thus be rewritten as 
 

ˆŷ = Φx                           (2) 

 

where Φ̂ has ln rows removed from Φ  accounting for the data 

loss in y . 

If the signal x is treated as the raw signal collected by the 

wireless sensor node, and the signal ŷ is treated as the actual 

data received by the base station, then the data compression 
problem is transformed into a data loss problem. Therefore, 
applying the CS to the data loss problem is feasible. 

In the present work, by introducing a basis matrix Ψ  
[17][18], the original signal can be expressed as follows: 

 

1

n

i i
i




 x Ψα                           (3) 

 
where is the basis coefficients vector. 

Substituting (3) into (2), leads to following relation 
 

ˆˆˆ  y ΦΨα Θα                               (4) 

 
Following the previous work [19][20], the basis coefficients 

vector ̂ can be reconstructed by solving the convex 

optimization problem 
 

1

2

ˆ arg min || ||

ˆ ˆ|| || 







  ΦΨ y


 

                      
(5) 

 
Finally, the received signal can then be reconstructed as 
 

ˆ ˆx Ψα                                      (6) 

 

where ̂ is the reconstructed basis coefficients vector of 

reconstructed signal x̂  [21][22]. 

B. Algorithm Improvement 

Some practical issues are encountered when implementing 
the data loss compensation algorithm, such as big storage space 
requirement [23]. If the measurement matrix dimensions are 
both 1,000, RAM of the controller needs to store four million 
float-point data with 16MB of memory required. In practical 
monitoring, such issue with respect to storage space arises 
limiting the algorithm’s feasibility. Besides, there is need to 
operate large amounts of data when the dimensions are both 
1,000, and the sensor node controllers need powerful 
computation ability. 

In order to make the algorithm work in the ordinary 
environment the sampling matrix of the data loss compensation 
algorithm is improved with a new compressed sensing theory 
based on random demodulator (RD) [24], applied. The block 
diagram of RD is given in Fig.1, which consists of three parts, a 
random sequence generator, a low-pass filter and a sampler 
[25]. RD works as follows [26]. First, one-dimensional 

signal ( )x t meets sparse conditions, and the pseudo-random 

generator is used to generate discrete time series, with equal 

probability from the value ±1, namely signal ( )cp t . Then, the 

signal demodulating with random sequence get the 

signal ( ) ( )c tp x t , which further filtered by the filter ( )H t  to 

get the signal ( )y t . Finally, the signal is transformed to the 

sample sequence{ }ny . 

 
RD works in matrix form as follows: 
 

 y HPx Φx                                 
(7) 

 

where x is the n-dimension signal vector, P is 
the n n dimension diagonal matrix which is given as follows 

 

1

2

n n n

p

p

p


 
 
 
 
 
 

O
P

                    

(8) 

 

where ip ( 1, ,i n  ) is the diagonal component. H is 

the m n dimension matrix. If n  can be divided by m , then 

( )x t

 ( ) 1, 1c tp  

( ) ( )cp t x t

( )H t

{ }ny

( )cp t

F
ig. 1.The block diagram of RD 
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the value of each sampling points are /n m unit elements. As 
an example, supposing that a signal of 1 second is initially 

sampled at 12 Hz ( 12n  ), and RD is used to down-sample 

the signal at a slower rate of 4 Hz ( 4m  ), the filter matrix 

H  is thus given as 
 

1 1 1

1 1 1

1 1 1

1 1 1

 
 
 
 
 
 

H

            

(9) 

 
If n  can’t be divided by m , the value of each sampling 

points can be obtained by specific methods (which will not be 
described in detail due to the limitation of paper’s length). An 

illustrative example is given follows. When 7n  , 3m  , 

H has the following form 
 

1 1 1/3

2/3 1 1/3

1/3 1 1

 
 
 
 
  

H           (10) 

 
However, the present paper is focused on the data loss issue 

rather than compressing samples by CS and RD. Therefore, the 
value of n must be equal to m here. Another issue rising up is 

that the identity matrix H cannot meet the condition of data 
loss compensation algorithm. Finally, after repeatedly 

testing H , the following revamped H is used to replace H  
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H   (11) 

 

In (11), H is a 2 1k  dimension diagonal matrix. 

Obviously, the value of k will affect the time of CPU operation 

and the reconstruction error. The present paper does not intend 

to discuss the effect of k , and 10k  is selected to experiment 

in the chapter 4. 
According to (7)(8)(11), embedding measurement 

matrix Φ = ΗΡ into nodes only needs to store the random 

sequence{ }np in the nodes’ RAM. If the measurement matrix 

dimensions are both 1,000, one thousand 8-bit integers will be 
stored in the RAM of the controller. Due to the special structure 

of H , the store can be achieved through the program without 
taking up RAM. Therefore the improved algorithm can greatly 
reduce the requirement of node’s storage performance. It is 
well known that many of CPUs, which do not have a 
floating-point unit (FPU) to make floating-point operations, 
have low time efficiency. To complete one data loss analysis, 
the unimproved algorithm only runs one million floating-point 
multiplications. In contrast, the improved algorithm just runs 
10,000 floating-point multiplications. If both measurement 
matrix dimensions are n , it can be seen that the space 

complexity of the improved algorithm reduces n times at least 

and the time complexity of algorithm reduces /n k times at 

least, comparing to the traditional algorithm. 

C. The Working Procedure of Algorithm 

For traditional WSN, the raw signal is directly transmitted 
between the nodes and the base station, so the lost data is 
unrecoverable. The data loss algorithm designed in this paper 
can reconstruct the lost data. Algorithm workflow is shown in 
Fig. 2 with the steps given above illustrated in the figure. The 
working procedure of the algorithm can be summarized as 
follows [27] 
1) Converting raw signal x  into measured data y . 

The nodes collect the raw signal x and convert the signal 

to y using (1), in which x has the same dimension 

to y and Φ is the measurement matrix embedded in the nodes. 

2) Package and transmission of the measurement data 
A WiFi module is used to package and transmit the 

measurement data y to the base station. If parts of the data are 

lost during the transmission, the measurement data received by 

the base station is ŷ . 

3) Constructing the measurement matrix 

The rows will be removed from measurement matrix Φ , 
where the position of the rows corresponds to the lost data in y . 

4) Calculating the basis coefficients vector̂ using (3)-(5). 

5) Finally, calculate the reconstructed x̂ using (6). 

 
Algorithm workflow shows in Fig. 2. 

D. Packet Design of the Algorithm 

In this paper, the presented algorithm is embedded in the 
wireless nodes to validate the improvement effect. In the test 
chapter, the unimproved measurement matrix 
dimensions n and m are both 100, and the improved 

 
Fig. 2.Data loss compensation algorithm workflow 
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measurement matrix dimension is 1,000. The two matrixes are 
embedded into different nodes. In the actual wireless 
transmission process, there are two cases of data loss, which are 
continuous loss and discrete loss. The continuous data loss 
undoubtedly has a bigger effect on the robustness 
communication than the discrete one. Reliable communication 
protocols can avoid continuous data loss during transmission. 
In the implementation process of the algorithm, eight channels 
of data are packed together and sent to the base station. Hence, 
each packet contains 80 sensor data (each is two-byte big). 
Figure 3 shows the details of a packet. Note that the nodes 
tested in the experiment may send the original and the 
measurement data to the base station to validate the algorithms. 

 

III. DESIGN OF WIFI-BASED WIRELESS SENSOR 

NETWORK 

With the evolution of wireless and SoC (System on Chip) 
technology, many kinds of WiFi wireless sensor SoC chips for 
low power applications have been developed. Accompanying 
with the development, a new kind WSN, WiFi-based WSN, has 
come into reality. Comparing with other traditional 
Zigbee-based wireless sensor network, WiFi-based wireless 
sensor network has the following significant advantages [28].  
1) High Bandwidth 

WiFi technology leads to high data transfer rate (up to 2 
Mbps), in particular, the latest 802.11n can reach 300 Mbps 
data transfer rate. Therefore, WiFi-based transmission is more 
efficient, less delay, and better real-time than Zigbee-based 
technology. 
2) Non-line-of-sight Transmission 

WiFi-based technology is non-line-of-sight (NLOS) 
transmission capacity, which can communicate through only 
one load-bearing wall. 
3) Cost-effective 

At the present, WiFi network has been widely built in many 
intelligent buildings in Large and medium cities. Significant 
hardware cost can be saved if wireless sensor network is built 
on the basis of the existing WiFi network resources. 
4) Easy Expansion 

Each WiFi sensor node can support approximately 100 
wireless connections. 

A. System Architecture and Workflow 

Fig. 4 shows the system of WiFi-based WSN using a star 
topology, which consists of the wireless sensor nodes, the 

routing base station and the PC [29]. The main function of the 
routing station is to manage a WiFi network for data 
exchanging between PC and wireless sensor nodes. Nodes lay 
in the field can automatically search WiFi network and select 
the default SSID (Service Set Identifier) to connect. Before 
receiving the collection command from PC, the nodes will 
always be in the listening state. After receiving the collection 
command, the nodes begin to collect and postback the data to 
the PC. After receiving the stop command, the nodes will go 
into the dormant state for awaiting the next command from the 
microcontroller and the WiFi module (low-power mode [30]). 

 

B. Design of Wireless Sensor Node 

The node consists of a MCU, a WiFi module, an external 
memory module, a sensor module and a power management 
module [31]. The physical map of the nodes is shown in Fig. 5. 

The MCU is the core of the node. The main reasons for 
selecting the MCU rely upon computing power, peripherals, 
power consumption and memory. TMS320F28335 produced 
by TI is selected as the controller, because it has higher 
performance, lower power consumption, higher peripheral 
integration, and bigger memory, etc., comparing with the 
conventional fixed-point DSP or other series MCU.  

XLW002X WiFi module produced by Seanywell Company 
is used for the WiFi module of the nodes. The WiFi module 
integrates a MCU, an 802.11b/g 2.4G RF transceiver, TCP/IP 
stacks, and it consequently provides a very rich set of 
peripherals, including UART, SPI, etc. 

 

C. Design of PC Programmes 

The PC program, developed based on the Visual Studio 2010 

 
Fig. 3.The format of the data packet 
 

 
Fig. 4.The structure of Wi-Fi-based WSN 
 

 
Fig. 5.The physical map of the nodes 
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MFC and Matlab GUI, implements node control, data reception, 
data loss compensation, spectrum analysis and waveform 
viewing. The PC program adopts TCP protocol and socket 
multithreading technology to achieve communication and 
multi-node control based on C/S mode. The main interface of 
PC program is shown in Fig. 6. 

 

IV. SYSTEM EXPERIMENT AND ALGORITHM 

VALIDATION 

System experiment is done on the constructing Dalian 
Xinghai Bay Bridge, in order to test the WiFi-based WSN and 
verify the present algorithm. Two wireless sensor nodes are 
used in the experiment; the unimproved algorithm and the 
improved algorithm are embedded in both nodes. 

A. Experimental backgrounds and design 

As China's the first offshore anchored suspension bridge, the 
length of Dalian Xinghai Bay Bridge (Fig. 7) is approximately 
6km and the length of the main bridge is 820 meters. The main 
span of the main bridge is 460 meters long and both sides of the 
spans are 180 meters long. Because the long length of the main 
bridge, the girder is divided into 43 units for evenly lifting the 
loads and each girder unit weighs up to 300 tons. Thus the 
posture and the acceleration monitoring of the girder unit is 
very important to the real-time judgment and control of the 
girder unit’s stability. 

The acceleration of Z-axis and the obliquity of X-axis and 
Y-axis are monitored using WSN developed in this paper. To 
meet the needs of the actual condition of monitoring, the 
experiment adopts ultra-low frequency and small g vibration 
sensor LC0156M to monitor the acceleration of Z-axis and uses 
dual-axis digital tilt sensor AT201-SC to monitor the obliquity 
of X-axis and Y-axis. The scheme diagram of the experiment is 
shown in Fig. 8. 

 

 

B. Lifting field test 

 In the lifting process, the acceleration of the Z-axis and the 
obliquity of X-axis and Y-axis of girder unit are the main 
monitoring objects. As shown in Fig. 9, the nodes 1 and 2 are 
put on top of the girder unit with a sampling frequency of 100 
Hz and the experiment lasts two hours. The result of the lifting 
shows that the system can accurately judge the data and provide 
the important reference for the lifting through the continuous 
data collection and the real-time wireless transmission. 

 

C. Experimental results 

Lifting monitoring results are shown in Fig. 10. As can be 
seen from Fig. 10(a) and Fig. 10(b), the angle of girder unit’s 
X-axis changes frequently, and the angle of girder unit’s Y-axis 
substantially doesn’t change. Overall, the posture of entire 
girder unit has no obvious change. Fig. 10(c) is the acceleration 
of the girder unit. What can be seen easily is that the maximum 
acceleration at 0.5 m/s2 or less, and the entire lifting processes 
steady. There are no emergency situations appeared. The girder 
unit is controlled within safe range. Therefore, it is proved that 
the lifting program used in this project and the speed of 
enhancement is relatively reasonable. 

Fig. 11 shows the recovered data based on the traditional 

 
Fig. 6.The interface of PC program 
 

 
Fig. 7.Dalian Xinghai Bay Bridge 

 

 

 Fig. 8.Scheme diagram of the experiment 

 
(a)  The process of lifting and placement of system 

 
(b)  Placement of vibration sensor and tilt sensor 
Fig. 9.Lifting field test 
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algorithm. In the Fig. 11, the green circle represents the location 
of loss data.  

Fig. 12 shows the recovered result reconstructed by the 
present improved algorithm. The recovered results from the 
two algorithms indicate that the lost data can be effectively 
reconstructed by both algorithms. The whole monitoring 
process is convincingly continuous complete, more real-time 
and reliable. 

 

 

 
Since the same loss position of two nodes and number are 

almost nonexistent. Therefore, this paper selects a period of 
complete raw data and some lost data to compare further the 
recovered results reconstructed by the two algorithms. 
Compare results are shown in Fig. 13. 

Fig. 13 shows that the two algorithms are able to reconstruct 
the raw signal. After the reconstruction, the number of the data 
is unchanged. The blue curve represents the reconstruction 
error. According to (12), which defines the reconstruction error, 
the reconstruction error of the unimproved algorithm is 0.0439, 
while it is 0.0824 for the improved algorithm reconstruction 
with low memory. 

 

 
(a)The angle of X-axis 

 
(b)The angle of Y-axis 

 
(c)The acceleration of Z-axis 
Fig. 10.Lifting monitoring results 
 

 
Fig. 11.The recovered result reconstructed by unimproved algorithm 
 

 
Fig. 12.The recovered result reconstructed by improved algorithm 
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ˆ 
n n

i i i
i=0 i=0

r = | x - x | | x |                    (12) 

 
Such accuracy result is not unexpected; the traditional 

algorithm has the features of complicate computation more 
memory requirement and high accuracy, while the improved 
one possesses the features of low level requirement of memory 
and medium accuracy.  Both algorithms show that the larger 
latitude of the embedded sample matrix in wireless sensor 
nodes, the better the data loss compensation. Therefore, in the 
rugged wireless transmission environment with a lot of packets 
lost, appropriately increasing the dimension of sampling matrix 
will be feasible to achieve the desired compensation effect. The 
balance between the compensation effect and the performance 
of nodes appears to be very important for Wifi-based 
technology. 

 

V. CONCLUSIONS 

The data loss of wireless transmission is a vital factor 
affecting and restricting the healthy development of WSN. This 
paper presents a CS-based data loss compensation algorithm 
which is able to reconstruct and compensate the lost data. Due 

to the intrinsic storage limitation, its practical perspective is 
limited. Therefore, this paper combines the RD into the 
algorithm to overcome the storage issue. Comparing to the 
traditional packet loss compensation algorithm, the improved 
algorithm has the following advantages: 
1) The space complexity of algorithm reduces n times; 

2) The time complexity of algorithm reduces /n k times; 

The paper further validates the unimproved and improved 
algorithms through field experiment by embedding them in the 
nodes of WiFi-based WSN (newly developed). The 
experimental results show that the implementation of the 
unimproved algorithm has relatively great greater demands on 
the computing ability and the memory performance of the 
sensor node, and that the implementation of the improved 
algorithm has relatively low requirements for the nodes. In 
summary, the improved data loss compensation algorithm is 
evidently effective and further work will be focused on the 
significance and broad application prospects in solving the 
packets loss problem of WSN. 
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