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I. INTRODUCTION  

The pedestrian dead reckoning (PDR) system is a self-
contained technique that has been proposed for indoor 
localization. It only requires a few sensors to be put on the user 
and can be used for any building without pre-installed beacon 
nodes or pre-built RF maps/propagation models based on 
surveys of the environment.  Most PDR systems use inertial 
sensors (such as accelerometer, gyroscope, and digital compass) 
to measure step count/length and heading direction. Some of 
the prior work also combined other sensors, e.g., stereo vision 
[1], ultrasound [2], RFID [3], and laser range scanner [4], to 
calibrate their results.  However, the PDR system has a well-
known problem called sensor drift that results in an inaccurate 
estimation of the distance and direction when the sensor drift 
error is accumulated over a period of time.  

Some prior work [5, 6] utilized the building map with 
detailed scales information, as shown in Figure 1(a), to 
calibrate the sensor drift for indoor localization. However, in 
practice, such a scaled map is difficult to obtain. In this work, 
we propose a methodology that uses an un-scaled map, as 
shown in Figure 1(b), which is generally easier to find, to 
calibrate the sensor drift.  The challenge in using an un-scald 
map lies in how to match the user trajectory with the map 
information. 

II. METHODOLOGY 

Our system design is shown in Figure 2. We first obtain the 
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Figure 1. The building maps (a) The scaled map and (b) The un-scaled map 
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Figure 2. Flow Chart 



sensor readings from a smart phone and use the sensor 
information to construct the trajectory of the user. Next, we 
transform the un-scaled map into a link-node model [7] from 
which we can get information like the angles of turning corners 
using Rotation Matrix. We assume that the initial position of 
the user is known (e.g. at the entrance of a building). We can 
then create a list of all possible routes on the map from the 
initial position. Finally, a set of filters are employed to find the 
most ‘similar’ route on the map to the user’s trajectory data. In 
addition, when RSSI information is available (e.g. there are 
existing APs in the building), our system can also utilize such 
information to further improve the accuracy of our results.   

A. Detection of turning events 

The first step of our algorithm is to find out when the user 
makes a turn so that the system can use such information to 
find out all possible routes that potentially match the user’s 
trajectory on the map. We use a sliding window based 
algorithm to determine when the user is making a turn by 
comparing if the standard deviation of the window exceeds a 
threshold which is estimated during the period when the user 
was walking straight.  

B. The list of all possible routes on the map 

After determining the turning events, we can then use a 
sequence of turning events as a signature to find all possible 
matching routes on the map.  However, in reality, it is not 
necessary that one only makes a turn when encountering a 
corner. For example, one might walk back and forth on the 
same aisle. In other words, a turning event is not necessarily an 
indication of that a corner has been passed.  We consider these 
kinds of turning event (that occurred during the time when the 
user wanders about on an aisle) as ‘fake’ turnings. Next, we 
will discuss a set of filtering mechanisms we employ to filter 
such fake turnings. 

C. Filtering mechanism 

After listing all possible routes on the map, the system then 
needs to determine which route on the map is the most 
‘similar’ to the user’s trajectory. Without the actual distance 
information (that can be found on a scaled map but not on an 
un-scaled map), and with the existence of fake turnings as 
described above, this is a challenging task. Here we model the 
estimated user trajectory as a graph GT(VT, ET),  where VT 

stands for the detected turnings, such as A’ in Figure 3(b), and 

ET is the edge between two adjacent detected turnings. We use 
the graph GMi(VMi, EMi) to model the ith possible route on the 
map. The VM is the corner of map, and the EM denotes the aisle 
between two adjacent corners.  We use three different filters in 
our map matching algorithm, including the shape filter, angle 
filter, and ratio filter. 

1) The shape filter: We implement our shape filter based 
on the shape descriptor [8, 9] that compares each graph GMi 
with the graph GT and eliminate those GMi which have a 
different shape from GT. Considering the nature  of our input 
data and the computation complexity, we modify the original 
method to suit our scenario. To reduce the computation 
overhead, we calculates the centroid [13, 14]of each graph (i.e. 
GT and GMi) and makes several lines from 0°to 180°to pass 
through the centroid. The system  then calculates how many 
crossing points on the edge can be made by each line  and 
records them in an one-dimensional array. Finally, we compare 
the arrays generated based on GT and GMi to determine their 
similarity. 

2) The angle filter: It is likely that there are still multiple 
candidate routes remained after the shape filter is used.  Next, 
we utilize the concept of chain code [10] to further reduce the 
number of candiate routes. The chain code uses a sequence of 
numbers to represesnt a series of different moving directions 
and transform a graph to an one-dimensional expression, as 
shown in Figure 4. However, we can not direclty apply chain 
code to our system. First, it is difficult to decide the sampling 
points for the trajctory data since each step distance could be  
different. Second, the computation overhead of using chain 
code is  proporition to the number of steps in the trajactory data 
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Figure 3. The obtained link-model from the unscaled map (a) and the trajectory obtained from the sensor data (b) 
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and the number of candidate routes on the map. Given that 
what we consider here is a real time localization system and the 
computation capability of a smart phone is limited,  we can not 
just naively use the chain code. Here, we adopt the concept of 
chain code and implement it using two different filters 
seperately: angle filter and ratio filter. Conceptually, the 
outputs of the chain code includes the angle information (e.g.  
A and A’ in Figure 3), the direction of the edge and the 
normalize edge ratio (i.e. divide the distance of each edge by 
the distance of the longest edge). In our angle filter, we 
compare every matching angle and the direction of each edge 
between GT and GMi  and use a threhold to determine wether 
they are all close enough. After flitering out those GMi which 
do not have simlalr angles, we then implment the 2nd part of 
chain code with a ratio filter as descrbied below.  

3) The ratio filter: With this filter, we checks the 
normalized edge ratio between two graphs GTi’  and GMi are  
similar or not. The system calculates the displacement between 
any two adjacent vertexs in the graph and stores these 
displacements as a vector. We then use the L-p norm [11] to 
determine whether the vectors produced for GTi’  and GMi  are 
similar or not.  . 

III.  EXPERIMENTS AND RESULTS 

We perform a simple experiment to test the performance of 
our map matching algorithm which is built on top of our prior 
work in which we proposed a walking distance estimation 
method using Simple Harmonic Motion[12]. The building map 
is shown as in Figure 3(a). The length of the grid in Figure 3(a) 
is 5 meters and they are aisles in the building. The user carried 
a smart phone that runs our algorithm and walked on the same 
route repeatedly for 10 times. The total distance of the path is 
about 40 meters and there are four turnings in this path, as 
shown in Figure 3(b). The results are shown in Table I. The 
average error is about 0.43 meter from the actual location and 
the standard deviation is about 0.402 meter. Our results are 
pretty close to the prior work that employed the scaled map [15, 
16] in which, on average, they have a location error of 0.5~0.7 
meters. We consider that the superior performance of our 
system mainly relies on two factors: the accuracy of our 
distance estimation algorithm [12] (we were able to achieve 
above 98% accuracy) and the effectiveness of our calibration 
mechanism using the un-scaled map. 
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TABLE I.  THE ERROR OF LOCALIZATION 

No. Error range (m) 
1 0.776 
2 0.914071 
3 0.182821 
4 0.175502 
5 0.14051 
6 0.246704 
7 0.316841 
8 0.075183 
9 1.328696 
10 0.149811 
Average 0.430614 
Stand deviation 0.402761 

 


