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In this paper, we propose a hybrid sensor calibration 
scheme for mobile crowdsensing applications. As the 
number of newly produced mobile devices containing 
embedded sensors continues to rise, the potential to use 
mobile devices as a sensor data source increases. However, 
because mobile device sensors are generally of a lower 
performance and cost than dedicated sensors, sensor 
calibration is crucial. To enable more accurate 
measurements of natural phenomena through the use of 
mobile device sensors, we propose a hybrid sensor 
calibration scheme for such sensors; the scheme makes use 
of mobile device sensors and existing sensing infrastructure, 
such as weather stations, to obtain dense data. Simulation 
results show that the proposed scheme supports low mean 
square errors. As a practical application of our proposed 
scheme, we built a temperature map of a city using six 
mobile phone sensors and six reference sensors. Thanks to 
the mobility of the sensors and the proposed scheme,   
our map presents more detailed information than 
infrastructure-based measurements. 
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I. Introduction 

The Internet was designed to connect remote computers for 
the sharing of scientific and educational information. 
Nowadays, even small devices such as sensors can connect  
to the Internet, which has become an infrastructure for 
exchanging and accessing various types of information. The 
Internet of Things enables public legacy services to provide 
improved services with less maintenance costs and overhead.  

For weather-related activities, there has traditionally been a 
desire to access accurate forecasts for decision making. 
Therefore, national organizations have continuously invested 
in high-performance supercomputers and the installation of 
more sensors at required locations for environmental 
measurements and estimations [1], [2]. However, as the 
number of newly produced devices containing embedded 
sensors, such as mobile phones and wearable devices, 
continues to rise, [3]–[8], it has become possible to acquire 
measured data from locations that have not yet been covered 
by national organizational infrastructure. The term mobile 
crowdsensing (MCS) [6]–[11] represents such a sensing 
paradigm, where individuals with sensing and computing 
devices collectively share information to measure and map 
phenomena of common interest. MCS is a good way to 
acquire considerable quantities of accurate information at 
little cost (in terms of maintenance overhead). For example, 
the crowdsensing of thermometers built into or attached to 
mobile devices can be a substitute for a numerical analysis 
and statistical schemes (of the type that require highly 
expensive, sophisticated supercomputers on which to run); in 
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other words, exact measurements are replacing estimations. 
However, to make MCS applications reliable and practical, 
measured data from mobile device sensors should be 
managed in an accurate manner. However, it is clear from 
[12] that calibration errors are a major obstacle to the 
practical use of sensor-based networks. Therefore, in such 
networks, the precise, efficient calibration of sensors is crucial. 
In particular, with regard to MCS applications [9], 
autonomous calibration of mobile device sensors is an 
absolute necessity. 

Existing calibration schemes are classified into blind and 
non-blind calibration schemes based on reference information. 
Blind calibration schemes [12]–[17] are used for sensor 
calibration by exploiting redundancy of information instead of 
reference data, whereas non-blind schemes [18], [19] calibrate 
sensors through the help of certain reference data.  

We proposed a simple blind calibration scheme [12] for 
densely distributed mobile sensors. This scheme calibrates 
sensors by processing the differences in the measured values of 
co-located sensors. The calibration solution is simply obtained 
using a matrix inversion operation.  

In this paper, we propose a hybrid sensor calibration 
scheme that pursues the advantages of non-blind and blind 
calibration schemes. We make use of stationary sensors 
installed and maintained by a designated organization, such 
as a national weather forecasting organization, and ordinary 
mobile phone sensors. When the size of the target area for a 
measurement is large compared with the number of mobile 
phone sensors available, there is little chance that more than 
two sensors will measure the same area at the same time; thus, 
in such a case, mutual calibration is not sufficient and it 
becomes necessary to utilize the stationary sensors of a 
measurement infrastructure.  

The contribution of this paper is two-fold: First, we propose 
a hybrid sensor calibration scheme exploiting the merits of 
blind and non-blind calibration schemes. The simulation results 
show that the proposed scheme is simple but effective. Second, 
we developed a sample MCS-like application for the 
generation of a city temperature map, and conducted an 
experiment using this application. The experiment showed that 
our application can provide a more detailed temperature map 
than that generated from the measurements of stationary 
sensors. This paper is the first report of an MCS calibration 
algorithm with practical application. 

The remainder of this paper is organized as follows. In 
Section II, we review previous related works, and in Section III, 
we provide a detailed description of the proposed scheme. In 
Section IV, we present the simulation and experimental results. 
Finally, in Section V, we summarize our work and describe 
areas of future research. 

II. Related Works 

Many countries have developed various types of numerical 
analysis or statistical models to produce weather element maps 
such as temperature maps. In Korea, the Korea Meteorological 
Administration (KMA) has developed a high-performance 
system that can predict high-impact weather phenomena, such 
as severe rainstorms and heavy snow, in and around the 
Korean peninsula [1], [2]. To acquire the raw data to run a local 
data assimilation and prediction system, the KMA has installed 
a large number of automatic weather stations (AWSs) in and 
around the Korean Peninsula. An AWS is an automated version 
of a traditional weather station that provides measurements. 
The coverage of an AWS is very wide; thus, the forecasting of 
weather in a non-ASW area can be interpolated from 
observations carried out by nearby AWSs. 

Demirbas and others [4] designed and implemented weather 
radar using Twitter as an MCS application and collaboration 
system. Twitter provides an “open” publish-subscribe 
infrastructure for sensors and smartphones. An example     
of MCS pollution monitoring is CommonSense [3]. 
CommonSense measures various air pollutants (for example, 
CO2 and NOx) using specialized hand-held air-quality sensing 
devices that communicate with mobile phones.  

Another example of MCS is CreekWatch [7], which 
monitors water levels and quality in creeks by aggregating 
reports, such as pictures and text messages, from individuals. 
This information can be used by water control boards. 
CreekWatch-like participatory MCS applications are explicitly 
handled by users, and any errors can be manually controlled. 

There are several recent research works for city-scale 
environment map generation [8]–[11]. These works focus on 
framework issues, such as scalability, real-time service, and 
energy efficiency, and have developed prototypes of 
temperature-, humidity-, and noise-maps. However, these 
works have not incorporated the use of a mobile sensor 
calibration algorithm. 

There are many research works on sensor calibration, which 
can be categorized into two types: non-blind and blind schemes,  
based on the use of reference sensors. Blind calibration 
schemes [12]–[17] make use of redundant information (of a 
large number of sensors) as opposed to all types of reference 
information. On the contrary, non-blind calibration schemes 
make use of reference information for calibration [18], [19].  

In [13], redundant information is obtained from the 
correlated measurements of co-located sensors in a densely 
deployed sensor network. However, this requires a 
computationally intractable consistency optimization process 
and a user-defined heuristic algorithm. In [14], spatially over-
sampled data are used as redundant information, which is only 
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applicable to a spatially slow-varying signal and noise-less 
measurements. In [15] and [16], sensor data measurements 
were performed over a long period of time, because the authors 
assumed that the movements of sensors followed an ergodic 
probability process. This assumption works in limited 
applications within a small area and for lengthy measurements. 
It, therefore, cannot be applied to widely distributed sensor 
networks. In [17], sensor errors are estimated using 
surrounding sensors with an assumption of similar error 
behaviors. This assumption limits the scheme to an indoor 
environment with highly spatio-temporal correlated sensors, 
and is therefore difficult to deploy in a large outdoor area. Our 
previous work [12] exploits the mutual calibration of measured 
values from co-located mobile sensors. It is a simple and 
straightforward scheme.  

In this paper, we extend our previous work to that of a hybrid 
sensor calibration scheme with “mobile sensors” plus 
“stationary sensors” for more reliable calibrations. 

III. Proposed Scheme 

1. Service Scenarios 

Our proposed scheme is based on MCS-like measurement 
scenarios, as presented in Fig. 1. We assume that, with the 
exception of the initial installation and configuration, human 
users seldom intervene in a measurement. Further, we assume 
that areas such as cities are divided into multiple non-
overlapping contiguous subareas. Mobile phones with built-in 
or auxiliary sensors, or both, keep moving independently 
around the city from one subarea to another conducting 
measurements. Multiple co-located sensors (that is, those 
remaining in the same subarea during a given measurement 
period) are defined to constitute a set. 

According to a pre-configuration procedure, sensors measure 
and report measured values to a center station. The measured 
data are delivered using either a real-time communication 
channel (such as Wi-Fi, 3G, and LTE) or a quasi-real-time 
communication channel (such as in public transportation) [20]. 
Each report includes the ID of the sensor (and thus the mobile 
device), the measurement position, and the measurement time, 
as auxiliary information. To gather the reports from the sensors, 
the center station applies our proposed scheme and determines 
how much each sensor should be corrected. A calibration 
notification is delivered to the mobile devices in the same 
manner as a sensor report.  

After determining the calibration factors of the sensors 
according to our proposed scheme, the center station 
determines the correct input value of each subarea and can 
generate a city-scale temperature map.  

 

Fig. 1. Subareas and sensor movement: grey parts are subareas, 
where two or more sensors exist concurrently. 
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2. Proposed Scheme 

Sensors need a carefully designed autonomous calibration 
scheme to produce correct measurement values. We 
investigated a simple blind and mutual calibration scheme 
without the use of any reference sensors [12]. This scheme was 
designed for densely distributed sensor networks and exploits 
the measured values of only ordinary sensors. However, for   
a sparse environment, where a chance encounter between 
sensors is small, this paper exploits the measured values of 
reference sensors if they are available.  

Figure 2 shows a sample measurement scenario. An area is 
divided into four subareas, where mobile sensors are moving 
around. There is a stationary reference sensor in subarea 4, and 
its measured data are used to estimate the data of the other three 
subareas.  

The movement of each mobile sensor is represented as a 
dashed arrow, and the sets in Fig. 2 are colored in grey. The 
sensors co-located in the same area during the same 
measurement period compose a set, Z, where  represents an 
identifier of a set. There are three sets in the scenario shown in 
Fig. 2: 21 3

r, , and  .Z Z Z  The subscript r in 3
rZ  indicates the 

presence of a stationary reference sensor. In addition, S1 and S2 
are said to have a co-membership relation regarding Z1.  

 

 

Fig. 2. Sample measurement scenario. 
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Fig. 3. Network graph representing co-membership relations
among sensors shown in Fig. 2. 
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The co-membership relation is represented in a graph, such 

as that shown in Fig. 3. A node represents a sensor, and a link 
between any two sensors indicates that these two sensors 
belong to a set, that is, the set’s ID features on the link. In our 
proposed scheme, only sensors that are considered to belong to 
a set will contribute in calibrating each other. Therefore, the 
more links a sensor has, the more accurately it is calibrated.  

Let set Z contain N sensors. Generally, the measured value 

ix  of sensor Si in set Z has an offset value io  from a true 
input value y. Here, io  consists of drift di and random noise  

in
 [21]. A drift is mainly due to an initial fabrication error or 

the slow aging process; it is the target of our proposed scheme. 
A drift is assumed to be stationary over a measurement time 
period, whereas random noise is assumed to be from an 
additive white Gaussian noise process mainly caused by 
environmental fluctuations. Thus, we model the true input 
value y with the measured value ix  and offset io  by 

i iy x o    .                 (1) 

In set Z, all of the co-located sensors conduct measurements 
for the same y, and the set of measured values can be 
expressed as 

  . 
i

i i i S Z
y x d n 

  


              (2) 

The drift of sensor Si in set Z, di, can be expressed by those of 
the other co-membership sensors, leading to linear algebraic 
equations per set, as in 
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where Δ ji j ix x x     and Δ ji j in n n    . 

Let Ci be a collection of sets that include Si. Drift di is 
assumed to remain the same over a measurement time period. 
Among the linear algebraic equations in (3), equations 
describing a drift of sensor Si can be given as in (4). 
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Let m be the total number of sensors, and for all m sensors, 
the center station repeats (4) and obtains m equations. By 
putting linear equations together, the center station obtains the 
following matrix form: 

 , Ld Δx Δn                  (5) 

where calibration matrix L, drift vector d, differential 
measurement vector Δx , and differential noise vector Δn  
are defined in (6) through (9), respectively. 
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The mean of all sensor drifts is nearly zero with a sufficient 
number of sensors. This constraint is expressed as 1 M d 0 , 
where the elements of M1 are all 1s. A more detailed derivation 
of this expression is available in [12]. 

We now have a closed-form solution for the drift vector for 
the calibration of densely distributed mobile sensors, as in (10). 
Equation (10) is from the assumption that every sensor has 
errors and every sensor must be calibrated. 

  1

1 .
 d L M Δx              (10) 

If there is a well-calibrated high-precision sensor, then we 

can make use of the measured value of the sensor to reduce the 

computational overhead. However, instead of the intact 

replacement of di with rΔ ,ix  we express di of Si, co-located 

with reference sensor Sr in r
kZ , as the average difference 

between the measured values of the co-located sensors and Sr, 

as in (11). This is because rΔ ix  includes the noise factor, 

which we can remove by averaging it out. 
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where Nk is the number of sensors in r ,kZ  and rΔ ix is the 

difference between the measurements of sensors Si and Sr. The 

parameter rΔ k
in  is the difference between the noises of Si and 

Sr. 
By applying (11) to (10), we obtain the following linear 

equation: 
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   1

r r ,
  d L M Δx Δx            (12) 

where the diagonal matrix Mr is for the reference sensors and is 
defined as 
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The determined drift of each sensor is reported through 
wireless communication channels, as mentioned in Section III-1. 
The sensors are calibrated according to the reported calibration 
results. The true values of the areas visited by the mobile 
sensors are determined according to (2). Since we assume the 
presence of Gaussian white noise by averaging the values of y 
as estimated from the calibration results of the sensors in Z, 
we can cancel the noise and determine the true input value.  

IV. Evaluation 

1. Simulation 

A. Simulation Environment 

We evaluated the performance of our proposed scheme 
through simulations using MATLAB, and compared the results 
against two other schemes. The first is a simple average 
scheme, where the true input value is simply determined as the 
average of all available measured values of each set. The 
second is a mutual calibration scheme, where only the 
measured values of the mobile sensors are used for a 
calibration, as given in [12]. 

Our simulations do not cover the previous theoretical works 
for the blind calibration schemes of [13] to [17], because these 
schemes are not feasible for city-scale simulation and 
measurements. The scheme in [13] is based on a user-defined 
heuristic algorithm, and the algorithms in [14]–[17] require 
noise-less measurements, identical sensor mobility distribution, 
identical sensor mobility distribution, and an assumption of 
high spatio-temporal correlation, respectively. Therefore, the 
performance comparisons are limited to more feasible and 
practical approaches such as the simple average scheme and 
mutual calibration scheme [12].  

The number of mobile sensors, m, is 100, and each mobile 
sensor is modeled with random movement. The number of sets, 
g, is set to 100, and each set has a random scalar value as the 
true input value. Each measured value of a mobile sensor is 
simulated as the sum of the true input, drift, and noise, the latter 
two being modeled as random Gaussian variables.  

Since our proposed scheme makes use of Δ ,jix  where two 
sensors Si and Sj belong to set Z and 1 ,g   the number 
of co-memberships of any pair of sensors is an important factor 

affecting the calibration performance. Contrary to a mutual 
calibration scheme, the portion of sets in which reference 
sensors reside, Pr, also affects the accuracy of our proposed 
scheme. The co-membership relation among sensors can be 
expressed as a graph, as in Fig. 3, and the ratio of         
co-membership is given as “link density,” ld, where 

d ( ,2 / 1)q m ml     and where q represents the number of 
links in the graph. 

B. Simulation Results 

We observe the performance of the calibration schemes in 
terms of the mean square errors (MSEs) for various values of ld 
and Pr. The sub-figures in Fig. 4 show the simulation results 
with various values of Pr. The mutual calibration scheme 
consistently shows better accuracy than the simple average 
scheme regardless of ld. The proposed scheme shows an 
improvement in accuracy compared with the mutual 
calibration scheme as the value of Pr increases.  

In Fig. 4, the link density parameter corresponds to the  

 

Fig. 4. Comparison of MSEs with various portions of reference 
sensors: (a) Pr = 10%, m = 100, g = 100, (b) Pr = 50%, 
m = 100, g = 100, and (c) Pr = 90%, m = 100, g = 100. 
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Fig. 5. Relative efficiency vs. Pr, with m = 100 and g = 100. 
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co-location frequency of sensors in a time–subarea space, as 
depicted in Fig. 2. Even with a small link density (for example, 
4), a large MSE enhancement (for example, on the order of 2 to 
3) is observed. This means that the proposed scheme can work 
well even with the limited co-membership of sensors.  

Figure 5 shows the relative efficiency of the proposed 
scheme compared to the mutual calibration scheme. The 
relative efficiency is defined as the ratio of MSEs; that is, 
Relative Efficiency A BMSE ( ) /ˆ MSE ( ),ˆy y   where A and 
B are the proposed and mutual calibration schemes, 
respectively. As shown in Fig. 5, the relative efficiency of the 
proposed scheme is larger than 5 regardless of Pr and improves 
exponentially as Pr increases.  

The results in Figs. 4 and 5 stem from the accuracy of the 
sensors in the sensing infrastructure being better than the built-
in or auxiliary sensors of a mobile device. However, there is 
clear restriction to installing and maintaining such high-quality 
sensors in every necessary area, and MCS is a good 
opportunity to improve the measurement quality. From this 
viewpoint, our proposed scheme is absolutely necessary to 
ensure the quality of the measurement data from mobile 
sensors.   

2. Experiment 

A. Experimental Environment 

We built a city-scale temperature map using the proposed 
scheme. We attached a low-price thermometer to each of six 
mobile phones to measure the temperature, as shown in Fig. 6. 
The size of the area covered by the mobile devices is 2 km by  
2 km. Stationary high-performance reference thermometers are 
managed by a weather center in this area, as represented by the 
pink balloons in Fig. 6. Each mobile device passed by the 
center station, which is marked by a star in Fig. 6. The 
measured values of the mobile device sensors were reported to 
the center station, and the server at the center station calibrated  

 

Fig. 6. Movement of mobile devices (colored lines) and locations 
of stationary high-performance reference thermometers 
(balloons), high-precision standard thermometer (star), 
and center station (star).  

 

 

Fig. 7. Histogram and normal fit of non-calibrated mobile device 
sensors: mean is 1.4927 and standard deviation is 3.1274.
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the operation described in (12). After the calibration of the 
mobile device sensors, we required all mobile devices to pass 
by the high-precision standard thermometer, which is also 
marked by the star in Fig. 6. The link-density is 5.1. 

Figure 7 shows a histogram of the measurement errors and a 
normal distribution fit (red curve). The mean is not zero, rather 
it is biased by about 1.5; the standard deviation is about 3.1. 
This non-zero mean strongly supports the idea that a simple 
average of the measured data cannot be used as a true input 
value; therefore, special consideration is critical to discovering 
the true input value and calibrating the mobile device sensors.  

B. Experimental Results 

The impact of the stationary high-performance reference 
thermometers on the calibration accuracy in terms of the MSE 
is presented in Table 1. When the number of stationary high-
performance reference thermometers, Nr, is zero, this indicates 
the mutual calibration scheme. The MSE in the case where 
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Table 1. Mean square error of simple average scheme vs. proposed
scheme with various numbers of reference thermometers 
(Nr). 

Hybrid calibration Simple 
average Nr = 0 Nr = 1 Nr = 2 Nr = 3 Nr = 4 Nr = 5 

80.64 49.86 15.19 10.52 0.64 0.62 0.58 

 

 

 

Fig. 8. Mean square error vs. number of reference sensors
according to change in width of subarea. 
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Nr = 0 is 61% that of the simple average scheme. Although the 
MSE is drastically improved compared with the simple 
average scheme, the measurement errors are still considerable. 
As Nr increases to within the range of 3 to 5, the MSEs tend to 
converge to almost zero. When Nr = 5, the MSE is 0.7% that of 
the simple average scheme. 

Figure 8 shows the calibration results for variously sized 
square subareas. When the width of a subarea is small, such as 
1 km or 2 km (the curves denoted as “subarea = 1 km” or 
“subarea = 2 km”), the calibration results show a relatively 
high mean square error compared with other cases because 
there is a smaller chance for the sensors to be at the same 
location at the same time. Therefore, the gain in the mutual 
calibration degrades. The gain in the number of reference 
sensors is less than the loss from a lack of mutual calibration.  

When the width of a subarea is 3 km (the curve denoted   
as “subarea = 3 km”), the calibration quality is improved 
compared with the 1 km or 2 km cases because there are more 
chances to apply mutual calibration. As the number of 
reference sensors increases, the MSE decreases, although only 
slightly. We can see a jump when the number of reference 
sensors changes from two to three, but there is no change after 
that because the possibility of an encounter with the reference 
sensors increases as the number of references increases from 
two to three.  

Once the width of a subarea exceeds 5 km (the curves  

 

Fig. 9. Temperature maps generated through our experimental 
MCS application: (a) subarea size = 2 km  2 km, (b) 
subarea size = 1 km  1 km, and (c) subarea size = 
0.5 km  0.5 km 
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denoted as “subarea = 5 km” and “subarea = 6 km”), the 
chance of an encounter with the reference sensors, along with 
mutual calibration, does not change, and there is no significant 
improvement in the calibration quality.  

Based on the measurements and calibration of the mobile 
device sensors, we built a temperature map corresponding to an 
area of 24 km  16 km, to scale, as shown in Fig. 9. The map 
building process is as follows. First, the mobile device sensors 
conduct measurements and report the results to the center 
station. Second, the center station computes the XY-
coordinated grid from the location information available in 
each measurement report and grid scale. Third, the temperature 
of the corresponding area is determined by adjusting the 
measured values of the mobile device sensors according to the 
proposed scheme. Fourth, for a subarea whose size is smaller 
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Fig. 10. Temperature map based on measurements taken by
reference sensors. 
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than the sensor coverage, an interpolation algorithm is run to 
determine its temperature. 

Figure 9(a) shows a temperature map generated based solely 
on the measurement reports. The widths of the square subareas 
in Figs. 9(b) and 9(c) are 1 km and 0.5 km, respectively. These 
maps are generated through an interpolation process as well as 
being based on the estimated true input values.  

Figure 10 shows an example of a temperature map generated 
based solely on the measured values of the six reference 
sensors. The temperature of the area between the reference 
sensors is interpolated according to the Inverse Distance 
Weighting method [22]. Because the coverage of each mobile 
device sensor is relatively large, the overall area is covered by 
isothermal lines that are wider than those featured in the sub-
figures of Fig. 9. In contrast, our proposed scheme provides the 
map generator with correct measured data from various sites 
thanks to the inherent mobility of the sensors embedded within 
the mobile phones. Therefore, the map generator can determine 
the environment information of a more specific area through 
our proposed scheme.  

V. Conclusion 

As the number of newly produced mobile devices containing 
embedded sensors continues to rise, the concept of mobile 
crowdsensing (MCS) is becoming increasingly attractive in  
the area of environmental sensing systems. To enable mobile 
phone sensors to generate more accurate sensing data with 
fewer interventions by human users, we proposed a hybrid 
sensor calibration scheme. Our proposed scheme exploits the 
mutual calibration between mobile device sensors located in 
the same area during a given time measurement period. The 
gain from mutual calibration stems from the density of the 
sensors in each set. To maintain a high calibration gain even at 

a low sensor density, our proposed scheme exploits the use of 
stationary high-performance reference sensors. We evaluated 
the performance of our proposed scheme through various 
simulations. The results show that a small increase in the 
number of reference sensors can improve the accuracy 
noticeably. As a practical application of our proposed scheme, 
we tried to build a temperature map of a city; thermometers 
installed at automatic weather stations (AWSs) were used as 
reference sensors.  

Based on the simulation results and practical applications, 
we can state that the proposed scheme shows improvements in 
terms of accuracy, granularity, and coverage by combining a 
legacy sensing infrastructure with the concept of MCS. Our 
simple hybrid sensor calibration scheme enriches the use of 
MCS applications by ensuring a highly accurate calibration of 
sensors without a drastic increase in cost. 

Our hybrid sensor calibration scheme can be applied to a 
city-scale humidity, noise, or RF received signal strength 
indicator maps without a loss of generality. A “stationary 
sensors only” platform, generally requiring expensive 
deployments, can improve its spatial resolution at a low cost 
with the help of the MCS platform and our proposed scheme. 

In future works, we will improve the proposed scheme to 
alleviate the computational overhead. In addition, to participate 
in the realization of the Internet of Things, we will try to apply 
various other MCS applications to our proposed scheme. 
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