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Abstract
RFID-based location awareness is becoming the most important issue in many fields in
recent years, such as ubiquitous computing, mobile computing. In indoor localization systems
RSSI-based methods are usually used in office buildings. However, RSSI is susceptible to
external influences, and performances unstably due to the environmental factors affecting
signal propagation. In this paper, we propose a new hybrid localization method for tracking
moving object using the two typical methods which are signal propagation model and
fingerprinting. According to a threshold which is defined as an effective working distance of
signal propagation model between target tag and RFID reader, we choose the different
localization algorithm to estimate the location of moving object. The threshold is obtained by
calculating the slop of signal attenuation curve. If the distance is within the effective reading
range of RFID reader, we revise signal propagation model by maximum likelihood estimation
and use it to calculate the object position by minimum cumulative error. Otherwise, the
fingerprinting location method is used in the external area, and the particle filter is also used as
the core algorithm. The experimental results show that our method not only reduces the
computation complexity but also ensures the accuracy in large indoor area.
Keywords: Indoor localization, signal propagation model, fingerprinting location, RFID

1. Introduction
With the development of wireless technology, the location-based service (LBS) gradually
becomes a hot research field in recent years. One of the most well-known location systems is
the GPS which is widely used in many fields for tracking moving objects located outdoors.
However, GPS does not perform very well and even causes larger errors inside buildings for
the signal is susceptible [1]. Therefore, indoor positioning system has attracted growing
attention in these days.
Nowadays, some typical location systems and approaches have been proposed, such as
infrared [2], ultrasonic wave [3] and RF [4-6] etc. Based on the RSSI (Received Signal
Strength Indicator), there have been various techniques developed which can be broadly
divided into two categories: signal propagation model and fingerprinting. The advantage of
signal propagation model is simple, and it shows the relationship between signal and position.
However, its disadvantage is also obvious, and the biggest challenge is accuracy and limited
effective distance. On the other hand, fingerprinting is more accurate, but it requires a huge
database to store fine-grained location data in addition to exhaustive search to locate suitable
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fingerprint match. Some new methods have been introduced into fingerprinting location
methods in recent years, such as particle filter and decomposition of the graph [7-9].
In past years, many RF-based indoor location systems has been developed, LANDMARC
[10] and RADAR [11] are two most well-known systems. LANDMARC system has been a
foundation for many RFID-based solutions and it introduces the reference tags to estimate the
location of moving object. In the process of location, it firstly records the received RSSI of
tracking object, and then chooses k reference tags by the k-nearest algorithm. Since the
coordinate of reference tag is predetermined, so LANDMARC system uses the position
information of k neighbor reference tags to estimate the coordinate of target object. RADAR is
an early approach using RSSI to establish an indoor positioning system, which combines the
empirical fingerprinting method and theory propagation model to track an object. In order to
reduce the complexity in collecting the RSSI data, the RADAR system improves the original
signal propagation model and constructs the radio map based on the improved model.
Signal propagation model and fingerprinting are two typical location approaches nowadays.
Location based on signal propagation model is simple and has less computation. However, in
order to get higher accuracy, an accurate model should be constructed to reflect the real indoor
environment. Moreover, the effective distance of signal propagation model is limited to tens
meters or less. Once the distance is more than the effective working distance of RFID reader,
the correlation between distance and RSSI becomes weak, and the location errors increase
accordingly. Compared with the approach of signal propagation model, fingerprint location is
relatively accurate, but it’s always with much computation and high complexity. Based on
fingerprinting approach, it is necessary to collect much information of sample points in
the location area. Once the environment changed, and then the previous collected information
will be invalid. Although some methods have been proposed to solve these problems, the
complexity is still very high, especially in large location area.
In this paper, we propose a new hybrid location approach. It can dynamically switch the
location strategy according to a threshold which is defined as an effective working distance of
signal propagation model between target tag and localization reader. The threshold is obtained
by calculating the slop of signal attenuation curve. If the distance is within the effective
reading range of RFID reader, we revise the signal propagation model by maximum
likelihood estimation and use it to calculate the object position by minimum cumulative error.
As the distance increases, signal propagation model becomes inaccurate and then
fingerprinting-based location model will be used. And this method includes offline and online
phases. In order to solve the uncertainty problem of fingerprinting-based location method,
many statistic approaches have been proposed and the most important one is particle filter
algorithm. Particle filter is a Bayesian method which uses many particles to estimate the
probability density of the tracking object, and many papers have proven that it has high location
accuracy. So we use this method in the online phrase.
The rest of this paper is organized as follows. In the next section, we introduce the hybrid
location approach. The new location approach will be separated into three parts to illustrate in
Section 2.1, Section 2.2 and Section 2.3 respectively. Some experiments are conducted and
the results are shown in Section 3. Finally, in Section 4, we conclude the paper and list our
future work.

2. Hybrid Location Approach
The signal propagation model is simple to implement and its main idea is to construct the
relationship between RSSI and distance. However, the distance from the RSSI in signal
propagation model is susceptible to multi-path reflections, diffraction and scattering of signal.
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The fingerprinting model has high positioning accuracy. Although this model is effective, its
main drawback is that the database needs rebuilding when location environment changes. In
this paper, a hybrid modeling is proposed. It combines the simple of propagation modeling and
high positioning accuracy of fingerprinting model.
We have known that the effective distance of signal propagation model has a threshold (dth).
If the distance from a reader to tracking object is less than dth, the correlation between RSSI and
transmission distance is obvious. Accordingly, the estimated value of distance is closer to the
real distance and the location error is smaller. However, when the distance is larger than dth,
signal propagation model is no longer profitable. Here dth is defined as the critical value of
signal propagation model, and it is determined by the accuracy requirements of location
system.
In a large location area, it can be divided into two parts: interior area and external area. In the
interior area, the received RSSI by reader meets the signal propagation model. However, if a tag
appears in the external area which is far away from some readers, the correlation calculated
from the model declines. Although tag and reader can communicate with each other in the
external area, the limitation of signal propagation model becomes obvious. Thus, choosing
proper location strategy has large influence on the accuracy.
As is shown in Figure 1, localization environment is composed of the three areas: interior,
interim and exterior. Where K and S represent the distance between the reader and the edge of
external region. D and T are the readers’ effective radiuses which are obtained by the signal
propagation model, and the edges of the interior area are composed of these radiuses. On the
path k from the reader Ri to the border of the external region, if the object is within the range T
(interior region), location based on signal propagation model is effective. In the external region,
however, it is no longer applicable, because there is at least one reader to receive invalid RSSI.
In this case, if signal propagation model method is still used, then the location error will be
larger. So our basic idea is to change the location strategy and use fingerprinting approach to
estimate the location of moving object in this paper. Especially, the way above is able to obtain
good location results when the location environment is complex and the object appears near the
edge of the external area.
Interior
Interim
Exterior

Width

D

S

Reader
Sample point
Ri
T

K
Length

Figure 1. Localization Environment Analysis
2.1. The Signal Propagation Mode
2.1.1. The Correction of the Signal Propagation Model: Signal propagation model location
is based on signal strength indication (RSSI). The model uses the concept of signal strength
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loss with distance to estimate the position of moving object. As the position of receiving device
is known, so it is easy to compute the distance between the moving object and signal receiver.
Signal is influenced by many factors in the propagation process. These factors play an
important role on the relationship between signal strength and distance. Therefore, shadowing
factor ξ should be added to the propagation model to enhance the accuracy of this model.
Shadowing factor is a variable in signal propagation model, which reflects the change of signal
with environment in the propagation process. Thus we can obtain the signal strength at the
distance d by using the following equation (Eq.(1)):

PL(d )=Pt − PL(d 0 ) − 10n lg

d
−ξ
d0

(1)

Where PL(d 0 ) is the mean signal loss of signal transmitter at perigee d0, and Pt is the initial
transmission power of tag. n represents the signal loss index, it is concerned with the specific
location environment, and it only can be tested in corresponding environments. Through
intensive experiments, it is found that the value of n is generally around 3. Even if the readers
and tags are different, n between different readers and tags is close. The shadowing factor obeys
a normal distribution, but in previous works, many location approaches have ignored the
influence of ξ . In this paper, our hybrid location method needs an accurate border value of
signal propagation model. Therefore, it is necessary to get a more accurate model. To estimate
ξ accurately, a lot of experiments should be conducted, which makes it time consuming. In
order to reduce the complexity, we use the maximum likelihood function to estimate it.
Let ξ be a random variable of continuous type, and it follows Gaussian distribution

ξ ~N( µ , σ 2 ) . In order to construct the distribution function, we conduct sampling experiments
for k times in location area. The reader Ri and tag Tj are chosen as the sampling facilities. The
received RSSI and position information are recorded at each time. Then we can obtain k
samples ξ1 , ξ 2 , ξ3 .......ξ k by Eq. (1). So the likelihood function L(µ ,σ 2 ) with ξ is as
follows:
k

L(µ ,σ 2 )=∏
i=1

1
e
2πσ

−

(ξi − µ ) 2
2σ 2

(2)

By calculating the partial derivative of function L(µ ,σ ) on µ and σ , we can obtain:
2

∧

µ=

—
1 k
ξi = ξ
∑
k i =1

∧

σ2=

Λ

—
1 k
（ξi - ξ ）2
∑
k i =1

(3)

Where it’s obvious that µ is approximately equal to the sample mean value of

ξ .If the

Λ

sample points are enough, the estimated value µ can reflect the feature of ξ in the specific
environment.
To evaluate the performance of the estimated model, we conduct sampling experiments
every 100cm in the location environment [0-30m], and repeat 50 times for each point. After
filtering the wrong data, we record the maximum, minimum and mean value of RSSI
respectively. Figure 2 shows a comparison of the experiment data from the predicting model. It
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also shows that our predicting model has the advantage of high accuracy. And when the
distance is larger than 16 m, the correlation declines and error begins to increase.

Figure 2. Signal Propagation Model Estimation
2.1.2. Location Approach Based on Signal Propagation Correction Model: Suppose that k
readers are deployed in location area, denoted as R (R1,R2,R3…..Rk ), and each reader’s
coordinate is known. In the process of locating, readers and tags have the same setting, so RSSI
at the perigee d0 can be obtained by measuring. When tracking object with active tag enters into
location area, k readers will record their received RSSIi , and then we can calculate the
distance di between target tag and Ri according to equation (4) as follows.

d=
d 0 ∗ 10
i

Pt − RSSI ( d0 ) −ξ − RSSI i
10 n

(4)

So we can get the distance vector between tags and readers, denoted as [d1, d2, d3…..dk].
Suppose the real coordinate of tracking object is (x, y), and the objective function is defined as:

( x, y )
f=

k

∑ (d
i =1

didf =

idf

− di ) 2

(5)

( x − Rix ) 2 + ( y − Riy ) 2

Where f(x ,y) represents the cumulative error between the true position and the predictive
position. The value of f(x,y) can largely reflects location accuracy. The smaller the value of
function f is, the higher the accuracy is. One of the methods to get the solution is to calculate the
derivative on x and y respectively, and then make the derivative zero to get the minimum value.
However, the derivative on x and y is complex and it’s difficult to calculate the optimal solution.
So, we use gradient descent method to solve the problem as equation (6) shown.

H n=
Hn − γ T
+1

(6)

Where, H n is the coordinate in the nth iteration and γ is the step length at every time. T is the
gradient direction of function f at the initial point (x0,y0). In order to simply the calculation,
(x0,y0) is set as the coordinate in the middle of all the readers and the iteration time should be
less than 5 times.
The location approach above uses the mapping relationship between signal strength and the
distance to locate. Meanwhile, the distance is also the main basis of location. Yet, the approach
is limited in the following aspects:
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(1) It is influenced by the facilities. The main reason is that the approach is relative to the
reader position, so the flexibility is limited. Moreover, the minimum distance error
methods can be only used in the certain deployment.
(2) It needs more accurate models. Since distance is calculated directly by signal
propagation model and signal strength changes in an exponential level when the distance
is within the border value, it is necessary to conduct many experiments for signal
propagation model.
(3) Gradient descent method can get the local optimal solution but not the best. Sometimes,
it may cause extra error.
Although location results are restricted by the factors above, the advantage of this method is
simple and the computational complexity is low. As long as the setting of the parameter is
appropriate, a better location result can be obtained without other additional processing.
2.2. Fingerprinting Location Approach
When a target object appears in the external area, the accuracy of signal propagation model
would decline sharply, and fingerprinting-based approach is the best way to conduct location in
this area. Fingerprinting approach belongs to the category of pattern matching, and in general it
is divided into offline and online phases. In the offline phase, the RSSI from different sample
points are collected and stored in fingerprinting database called a radio map. In the online
phrase, the readers collect RSSI of the target, and the RSSI is then compared with the sample
data in the fingerprinting database. Finally, the target’s coordinate can be estimated by the
specific methods. In this paper, the particle filter algorithm is used to locate in the online
phrase.
2.2.1. Offline Phrase: Data sampling is the main task of the offline phrase, which is a process
of extracting the location space feature. In this paper, the external area is divided into a grid
denoted as G, G can be thought as a m*n matrix, and each element Pij in the matrix represents a
sample point. Pij is a triple (x, y, s), where x, y is the coordinate of the sample point in
two-dimension space, S is a vector group and S=(S1,S2,Si…,Sk), where Si is the signal value
received by reader i from a sample point. Thus, the essence of location problem is a process
which uses the information of G and the observation value of target to estimate (x,y).
The complexity of training phase depends on the number of sample points and sample time.
In order to reduce complexity, many scholars have carried out some studies in this filed, and
they found out that reducing the sample points and time have little influence on the location
accuracy [12]. Therefore, if the location area is too large, it’s feasible to reduce the complexity
of sampling through some effective methods.
2.2.2. Location Phrase: Particle filter is a Bayesian estimation method. Unlike other methods,
Particle filter has fewer requirements for the prediction equation and observation equation
during the location phrase. What's more, the probability distributions of the particles are
estimated via sampling, so it’s suitable to solve the location problem.
Suppose the number of the initial particle is N, these particles stand for the probability
distributions, denoted as [P1,P2,……PN]. Every element in the vector group is a tuple (L,S),
where L is the position and S is the signal strength for each particle. All of these in [P1,
P2,……PN] construct an exhaustive events group. Suppose that the tuple of the target is (Lo,So),
through the Bayesian formula, we can get equation (7) as follows:
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p (Loi | Soi ) =

p ( Soi | Loi ) p (L oi )
N

∑ p( S
i =1

oi

(7)

| Loi ) p (L oi )

Since the quantity of particles and the coordinates of selected particles are known, we can
utilize the information of the particles to calculate their corresponding probabilities which will
be regarded as the weight value after being processed.
(1) State transition function.
In general, the moving trajectory of tracking object is regular, so it’s possible to use the
historical trajectory to predict the future position. The state transition function is one of the
most important aspects in the particle filter algorithm and its main function is to infer the
information of the next state described as follows:

xt = f ( xt −1 , ut , wt )

(8)

Where xt is the particle’s state at moment t, ut is the control variation and wt represents
model noise.
Literature [7] analyzes the influence of different state transition functions on the location
result. In those functions, the CPF algorithm has a relatively better result, but it is still restricted
when the number of particle is large. Literature [8] uses the Newton quadratic interpolation
method to construct the state function and achieves a good result. The method is easy to
construct and has a high precision, so it’s also used as the state function f in this paper. f is
shown as follows:

xt −1 + vt cos(α t )∆t + nt
 x=
t

yt −1 + vt sin(α t )∆t + nt
t
 y=

(9)

Where vt is the moving speed of particle, its range is from 0.6 to 1.4. α t is the moving
direction and nt is the noise.
(2) The weight value of particle
We use the weight value of particles to estimate the influence on the location result. In
equation (7), p (L oi | Soi ) is one of formations of weight value. To obtain p (L oi | Soi ) , it’s
required to calculate the value of p ( Soi | L oi ) We know that signal follows Gaussian
distribution at each position in the location area, and the distribution function ∂ can be
estimated by the fingerprinting data. In this way, the essence of getting the value of p ( Soi | L oi )
is calculating the quadrature in the range of ( Soi -σ ，Soi +σ ) on function ∂ .
Normalization is required after obtaining N weights denoted as W=[W1,W2…WN] . Since the
position of the target is regards as a kind of probability distribution, the summation of all the
particle weights should be 1. What's more, the weight reflects different influence intensity.
Normalization can be achieved by the following formula:

wi =

wi
N

∑w
i =1

(10)

i

(3) Estimating object coordinates
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The weight vector group W and the coordinate of each particle L have been known.
Therefore, we can obtain the final coordinates (x, y) as follows:
N

N

y = ∑ wi yi

x = ∑ wi xi

(11)

i =1

i =1

Figure 3 shows the basic method to estimate the final coordinate by using the weight of each
particle.
Particle3
Particle2

……
ParticleN

Particle1
wn
w1

Tracking object

Figure 3. Estimating the Position by Particles
In summary, the algorithm of particle filter in this paper is described as follows:
Step 1

importance sample. Choosing N particles from the fingerprinting database and
determining initial weights for each one.
Step 2 Using the state transition equation to calculate the position of each particle in the next
period as equation (9).
Step 3 Receiving the observed RSSI value of the target and calculating the posterior
probability of each particle. Finally, normalizing the weight values of N particles as
equation (10).
Step 4 If the particle degradation phenomenon occurs, it’s necessary to resample. The
principle of resampling is that the particle with large weight will be copied and the
small one must be thrown away.
Step 5 calculating the final position of the target through the weights and particle coordinates as
equation (11).
2.3. Determine the Border of the Propagation Model

In our hybrid location approach, one of the most important tasks is to accurately estimate the
border of signal propagation model. The border value is an important basis to determine which
location approach should be selected. A simple and effective method to get the border value is
described as follows:
Suppose the length of location area is within the range [0, K) and the critical distance of
signal propagation model is T. From equation (3), we found that when the distance is within (0,
T), the slope of the curve changes a lot with the distance, which means the correlation between
RSSI and distance is obvious. But when the distance is within the range (T, K), it changes a little.
Therefore, the effective distance T can be estimated by calculating the slope of propagation
model. Since the transmission power Pt and power loss PL (d0 ) is constant, meanwhile, the
shadowing factor ξ can be obtained by the sample, we get the equation as follows:

pl (d ) / = (-10n lg(
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When d tends to be infinite( d → ∞ ), the slope is close to 0. In order to determine the value
of T, a threshold value TS about slope should be given. The value of TS is helpful to find the
starting point when curve begins to flatten. Generally, TS should be less than 1. And then T can
be inferred by the following equation.
pl (d ) / ≤ −TS (TS>0)
(13)

-10n 1
* ≤ -TS
In10 d
10n
⇒d ≤
( In10)TS

⇒

Therefore T=

10n
.When n=3.0, TS= 0.5, T= 26m, that is the effective border of
( In10)TS

propagation model is 26m.
Figure 4 illustrates the method above for determining the border. Location based on signal
propagation model and fingerprinting can be accurately separated by T value. From the
definition of T, we know that T is relative to loss exponent, measurement value of perigee and
tangential threshold. With different location environments and sampling points, n is likely to be
inconsistent. TS reflects the system requirements for the location accuracy. If the requirements
are low, which means that the system may need less computational complexity or it hopes the
effective distance of the signal propagation model is longer, and then it’s sensible to choose a
lower TS value. If the system requires high accuracy, TS should be larger.
Model location region

Fingerprint location region

MAX(K>-TS)

Figure 4. Calculate the Border of Signal Propagation Model

3. Experiment Analysis
Location network is shown in Figure 5.The location network consists of three kinds of
devices, tags, readers and servers. A tag is mainly used to detect the signal of different positions.
A reader receives tag’s signal and then sends to the communication server to store through the
signal collection client. The location server plays a role on executing the location algorithm.
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Figure 5. Localization Network
The experimental devices are shown in Figure 6. Tags and readers used in our system are
provided by RFCode [13] Company. RFCode’s active tags have the advantage in low-power
and well-portability. The transmission distance of the facilities is up to 100m, and the reader is
able to get the ID and RSSI from the tag. The M250 serial reader has 7 selectable frequency
bands, and it can identify the RSSI value without conversion. In addition, the M250 reader has
the function of wireless data transmission which supports some wireless communication
protocols such as WiFi

Figure 6. RFcode Reader and Active Tag
(1) Location experiments based on signal propagation model
The location experiment based on correction signal propagation model is conducted in the
area of 5*15m2, and the location result is shown in Figure 7. The red circles stand for the real
test points, and the triangles are the estimated positions calculated by signal propagation model.
The mean error is about 1.6m.
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Figure 7. Location Result of Signal Propagation Model
(2) Location experiments based on fingerprinting method
To verify the fingerprinting-based location method, tests are conducted in the area of 5*10m2.
Firstly, 150 points are selected as the initial particles. In order to analyze the impact on location
result among different training data sets, we choose 40 and 90 sample points in the offline
phrase respectively. The data is collected 70 times at each point. The cumulative error
distribution is shown in Figure 8. We can get the conclusion that the location accuracy increases
with the number of particle. But the complexity in the online phrase will increase a lot. When
the number of sample points is up to 90, the mean error is about 1m.

Figure 8. The Comparison in Different Numbers of Sample Point
(3) Experimental analysis of hybrid location approach
The comparative experiments of different location approaches are conducted in a large area
of 5*30m2 as shown in Figure 9.
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Reader1

Reader4

Reader3
Reader2

Figure 9. The Experiment Environment in Comparative Experiments
The experiments are divided into two groups and then we test the location orbits of two
methods, the hybrid location and literature [14] respectively. In the hybrid location, we set the
critical distance as 17m, and choose 90 sample points in fingerprinting location, as shown in
Figure 10.

Figure 10. The Comparison between Model Tracking and Mixed Tracking
It is noticed that when the distance is within 17m, the location result based on signal
propagation model is close to the real position. However, the location error gradually increases
when the distance is greater than 17m. While the hybrid location approach is relatively stable,
the mean error is about 1.3m. Thus, for a larger area, hybrid location approach has a certain
advantage to avoid the complexity compared with just using fingerprinting location method,
and it can also avoid the limitation of signal propagation model in external region. As long as
signal propagation model estimation is accurate and the sample is reasonable, the hybrid
location approach can get better results.

4. Conclusions
This paper proposes a hybrid location approach, and it makes full use of the advantage of
signal propagation model and fingerprinting. The approach not only ensures the location
accuracy, but also effectively improves the location speed. Indoor location is the key
technology of the location-based services. The future research will focus on model
self-adaptation to environment. Meanwhile, how to reduce the complexity and enhance the
flexibility of the fingerprinting location are problems to be solved.
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