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Abstract
One of the indoor localization methods utilizing accelerometer and gyroscope is called PDR (Pedestrian Dead Reckoning). Various schemes have been proposed in PDR, however, sufficient precision has not been achieved because of the error accumulation. In this research, we propose a PDR error compensation scheme based on an assumption that can obtain sparse locations. Sparse locations mean discontinuous locations obtained by using absolute localization method or passage detection devices (ex. BLE, Magnetic Field). We attempt to compensate the trajectory of PDR estimation and improve estimation precision by sparse locations. Then we tune parameters describing errors. In our scheme, we define error models that represent errors in PDR, including moving distance error and orientation changing error. Moreover, we define parameters to describe these errors. As a result, proposed scheme improved position error rate approximately10% and route distance error rate approximately 7%.
Author Keywords
 Pedestrian Dead Reckoning; Compensation; Smartphone; Sensor; BLE;
ACM Classification Keywords
H.1.2 [User/Machine Systems]: Human information processing.
Introduction
Existing indoor localization methods, there are absolute localizations and relative localizations. Absolute localization methods utilize such as Wi-Fi access points [8] or BLE (Bluetooth Low Energy) beacons [6]. These types of methods must install additional devices. Moreover, many methods use fingerprinting, these measurement cost are high. Reducing the cost, the method called SLAM (Simultaneously Localization and Mapping [3] is proposed. However, updating cost has yet been high. One relative localization method utilizes accelerometer and gyroscope is called PDR. Because this method incrementally estimates the user’s current relative position, estimation error accumulates with the passage of time. PDR estimation contains some kinds of error. For example, inaccurate step length calculated from stature causes moving distance error, and drift of gyroscope causes orientation error. To compensate these errors, a scheme utilizing map matching [11] has been proposed. However analyzing these errors is insufficient.
In this research, we suppose the situation that can obtain sparse locations. Sparse locations mean discontinuous locations obtained by absolute localization such as passage detection [12] at some points, for example, the four corners of an area. In the real world, it is difficult to obtain absolute locations continuously at the indoor environment. Therefore, we utilize locations to compensate localization errors. Sparse locations do not require fingerprint of signal strength, therefore, our scheme is costless. Moreover, because the passage detector can be deployed in a broad area where map matching is difficult to use, our scheme using sparse locations can compensate estimation robustly.
To compensate errors, we consider the cause of errors. Then defined the error model of moving distance, orientation changing and drift angle. We compensate estimation trajectory and update parameters describing error models every each obtaining sparse location. Utilizing updated error models, we compensate estimation point by point to improve the precision.
Related Work
Various PDR schemes are proposed to improve precision. For example, a scheme utilizes accelerometer, gyroscope, and magnetometer [5], or utilizes pressure sensor to extend estimation in multi-floor [7][9]. However, these estimation schemes accumulate error, but cannot remove accumulation error. Therefore there is a problem that these schemes are difficult to use for a long time.
For this reason, some schemes that are combined with other localization methods are proposed. For example, a scheme combines PDR with Wi-Fi fingerprint [4] or magnetic field fingerprint [2]. These schemes estimate location by combining information of Wi-Fi signal strengths or magnetic sensor values with moving distances and orientation changings estimated by PDR. However, these schemes require collecting environmental information and creating a fingerprint of a map in advance. When we collect environmental information, the whole area should be collected. Therefore the measurement, maintenance and updating cost are high.
As other approaches, some methods have been proposed to improve precision. For example, a scheme that adjusts user’s step length utilizing GPS [10] or compensates estimation using map-matching utilizing building structure information. The former scheme calculates the step length from step counts obtained by step detection utilizing accelerometer and moving distance obtained from the GPS. This scheme can reduce the error of moving distance. However, because it requires a calibration walking outdoor before indoor localization, it is difficult to use. The latter scheme compensates user’s step length and orientation changing utilizing turn detection and corner information of a map. However, requiring turn information at corners, it is difficult to use in a broad area such as an airport lobby. In the previous research, the situations that can compensate estimation are limited. Suppose estimation compensation is able to execute robustly and costless, more practical indoor localization is implemented.
Proposal of Compensation Scheme [image: Macintosh HD:Users:nozaki:Documents:UCLprojects:HASCA:img:system.png]
[bookmark: _Ref357982599]Figure 1. System flow of proposed scheme.
Symbol
Explanation

The time obtainedsparse location

The coordinate ofsparse location

The coordinate of estimated location whensparse location is obtained

The coordinate of estimated location when compensation is not used
[image: ]
The error distance when compensation is not used
[image: ]
, the time fromsparse location toone

A coordinate of estimated location

A coordinate of compensated location

The parameter describing error modelof moving distance
Table 1. Symbols and its explanation using in the section “Error Model of Moving Distance”.

In this research, we focus on sparse locations, for example, the location that is obtained by passage detection. We compensate PDR estimation utilizing sparse locations. We utilize this because we consider obtaining high precision locations in some specific points is preferable than obtaining locations moderately in a whole area. Also, because passage detectors can be deployed optional location in a broad area, utilizing sparse locations allow us to reduce restriction. 
In proposed scheme, we define error models of moving distance, orientation changing and drift angle.  Parameters describing these error models are updated every time measuring a sparse location, and then they are utilized in PDR estimation. Figure 1 shows the whole system of proposed scheme. As shown in Figure 1, our scheme compensates moving distance error after compensates orientation change error. Because the compensation of moving distance error uses the distance between a location estimated by PDR and a sparse location. This distance is changed by orientation change error compensation.
Error Model of Moving Distance
In this research, we propose two moving distance error models. One uses a relationship between moving distance and moving distance error, and the other uses a relationship between elapsed time and moving distance error. A parameter describing the former is moving distance error generated per meter, and another parameter describing the latter is moving distance error generated per second. The description of symbols using in this section is summarized in Table 1.
Model using Similarity Transformation
This model based on the idea that moving distance error accumulates proportionally to moving distance from the initial location. The distance from a previous sparse location to a new one is exactly same to user’s moving distance. Therefore compensate  to be equal to  using similarity transformation. First, we calculate the scale factor . Then, update the parameter describing this model by the following equations.
	
	(1)

	
	(2)


The initial value of  is 1.  represents slope which sets moving distance on a horizontal axis and moving distance error on a vertical axis. As shown in Figure 2, this parameter describes this similarity transformation model. Using this model, we apply compensation to PDR estimation. The estimated location  after the time [image: ] from the previous sparse location is compensated to  by the following equation.
	
	(3)


Model using Linear Approximation [image: Macintosh HD:Users:nozaki:Documents:UCLprojects:HASCA:img:position_scale.png]
[bookmark: _Ref357983124]Figure 2. Form of the model using similarity transformation.
[image: Macintosh HD:Users:nozaki:Documents:UCLprojects:HASCA:img:position_grad.png]
[bookmark: _Ref358036659]Figure 3. Form of the model using linear approximation.

[image: Macintosh HD:Users:nozaki:Documents:UCLprojects:HASCA:img:model1.png]
[bookmark: _Ref358045833]Figure 4. Form of uniform error model.


This model based on the idea that moving distance error accumulates proportionally to the elapsed time. The parameter describing this model is updated by applying the linear approximation to sets of a elapsed time and a moving distance error. First, we calculate the moving distance error  using : the coordinate estimated by PDR that do not compensate estimation by utilizing error model. At this time, hold  and moving time . Then, update the parameter describing this model by the following equations.
	
	(4)

	
	(5)


 represents slope which sets moving time on a horizontal axis and moving distance error on a vertical axis. As shown in Figure 3, this parameter describes this linear approximation model. Using this model, we apply compensation to PDR estimation. The estimated location  after the time  from the previous sparse location is compensated to  by the following equations.
	
	(6)

	
	(7)


Error Model of Orientation Changing
In this research, we propose three patterns of orientation change error model that use a relationship between orientation change and orientation change error. The parameter, which describes these models, is orientation change error generated per degree. We designed three patterns of the model because we consider that it is possible that orientation change error may occur at different rates when people turn left or turn right. The description of symbols using in this section is summarized in Table 2.
How to Calculate Orientation changing
For example in the case that the orientation of  sparse location is equal to one of , the value of  cannot be determined uniquely but can take . Therefore, we calculate  as follows. First, we calculate orientation change error by the following equation.Symbol
Explanation
[image: ]
The time obtainedsparse location

The orientation changing fromsparse location toone

The accumulation of estimated positive or negative orientation changing 

The amount of updating parameter

An estimated orientation changing 

A compensated orientation changing

The parameter describing error model of orientation

The parameter describing error model of drift angle
Table 2. Symbols and its explanation using in the section “Error Model of Orientation Changing” and “Error Model of Drift Angle”.

	
	(8)


The initial value of  is 0. Second, suppose the error of orientation change is in the range , calculate  by the following equation.
	
	(9)


Finally, execute the operation of equation (7) and (8) recursively until  is in the range .
(1) Uniform Error Model
This model based on the idea that each orientation change error may occur at uniformly. First, we calculate : the ratio of orientation change error to orientation change. Then, update  which is the parameter describing this model by the following equations.
	[image: ]
	(10)

	
	(11)


The initial value of  is 0.  represents slope which sets orientation change on a horizontal axis and orientation change error on a vertical axis. As shown in Figure 4, this parameter describes this uniform error model. Using this model, we apply compensation to PDR estimation. The estimated orientation change  from the previous sparse location is compensated to  by the following equation.
	
	(12)


(2) One-side Error Model
This model based on the idea that all the orientation change errors may occur at the one-sided, which positive or negative. First, we calculate the ratio of orientation change error to positive or negative direction orientation change  and . Then, update  and  which are the parameters describing this model by the following equations.
	
	(13)

	
	(14)


The initial value of  and  are both 0.  and  represent slopes which set orientation change on a horizontal axis and orientation change error on a vertical axis. As shown in Figure 5, this parameter describes this one-side error model. Using this model, we apply compensation to PDR estimation. The estimated orientation change  from the previous sparse location is compensated to  by the following equation.
	
	(15)


(3) Unbalanced Error Model[image: Macintosh HD:Users:nozaki:Documents:UCLprojects:HASCA:img:model2.png]
[bookmark: _Ref358047956]Figure 5. Form of one-side error model.
[image: Macintosh HD:Users:nozaki:Documents:UCLprojects:HASCA:img:model3.png]
[bookmark: _Ref358051808]Figure 6. Form of unbalanced error model.
[image: Macintosh HD:Users:nozaki:Documents:UCLprojects:HASCA:img:drift.png]
[bookmark: _Ref358053359]Figure 7. Form of drift angle error model.

This model based on the idea that orientation change errors may occur at different rates in positive or negative direction orientation change. First, we calculate the ratio of orientation change error to positive or negative direction orientation change and  by the equation (16). Then, update  and  which are the parameters describing this model in the same way to equation (14). 
	
	(16)


The initial value of  and  are both 0.  and  represent slopes which set orientation change on a horizontal axis and orientation change error on a vertical axis. As shown in Figure 6, this parameter describes this unbalanced error model. Using this model, we apply compensation to PDR estimation. The estimated orientation change  after the time  from the previous sparse location is compensated to the  in the same way to equation (15).
Error Model of Drift Angle
The parameter describing this model is orientation change error generated per second. In the case of  calculated in the Section “How to Calculate Orientation Changing” is 0, update this model. First, we calculate which is the ratio of orientation changing error to elapsed time . Then, update [image: ] which is the parameter describing this model by the following equations.
	
	(17)

	
	(18)


The initial value of  is 0.  represents slope which sets elapsed time on a horizontal axis and orientation change error on a vertical axis. As shown in Figure 7, this parameter describes this drift angle error model. Using this model, we apply compensation to PDR estimation. The estimated orientation change after the time  from the previous sparse location is compensated to  by the following equation. 
	
	(19)


Evaluation
For evaluating our proposed scheme, we collected pedestrian walking data from Geospatial EXPO 2016[footnoteRef:1] held at National Museum of Emerging Science and Innovation. We set the situation that can obtain sparse locations around the four corners. As the sparse location, we utilize the location obtained from UWB (Ultra Wide Band) localization system, which needs dedicated devices. However, we can obtain sparse locations, which contain error approximately 15-30cm. Moreover, we also utilize the location obtained from UWB localization system as correct location to evaluate proposed scheme.  [1:  http://g-expo.jp/2016/] 

[image: Macintosh HD:Users:nozaki:Documents:UCLprojects:HASCA:img:route1.png]
(a) Route A
[image: Macintosh HD:Users:nozaki:Documents:UCLprojects:HASCA:img:route2.png]
(b) Route B
[image: Macintosh HD:Users:nozaki:Documents:UCLprojects:HASCA:img:route3.png]
(c) Route C
[image: Macintosh HD:Users:nozaki:Documents:UCLprojects:HASCA:img:route4.png]
(d) Route D
[bookmark: _Ref359178109]Figure 8. The shape of routes.

Table 3, Table 4 and Figure 8 show the information of collected data and used routes. In proposed scheme, the parameters describing error models are updated every time measuring sparse location as mentioned in the section “Proposal of Compensation scheme”. Moreover, the previous estimated trajectory is compensated at the same time. This trajectory compensation is useful for the purpose of people flow analysis. However trajectory compensation is meaningless for the purpose of navigation, real-time estimation is important for this purpose. Therefore, we evaluate post compensation, which executes the previous trajectory compensation, and real-time compensation, which does not execute this.
We use following things as evaluation metric based on the reference [1].
Position error rate, which is generated per second
Route distance error rate, which is generated per meter

[bookmark: _GoBack]The Unit of these metrics is a percentage. However, they stand for [image: ] or [image: ]. Metrics are derived as follows. First, we calculate each error every correct location obtained by UWB localization system. Second, we create scatter plot that set time or distance on a horizontal axis and error on a vertical axis by putting all the calculated errors. Third, we calculate the slope of the line regressed by using the least square estimation method. This slope is evaluation metric. Finally, calculate the average of four route’s evaluation location estimation error. Table 5 shows the average of evaluation location estimation error for each second or meter without compensation.
Post compensation
Table 6 shows the average of evaluation location estimation error. In post compensation, the position error rate is improved to approximately 10% when utilizing the similarity transformation model. Moreover, route distance error rate is improved to approximately 7% when utilizing the linear approximation model.
Real-time compensation 
Table 7 shows the average of evaluation location estimation error. In real-time compensation, utilizing the linear approximation model tends to be fine rather than utilizing the similarity transformation model. Both evaluation metric values decrease approximately 3% lower.
Discussion about Error Model of Moving Distance 
In post compensation, from the viewpoint of position error rate, utilizing the similarity transformation model tends to be fine rather than utilizing the linear approximation model. The best error rate when utilizing similarity transformation model is 10.37% and the best error rate when utilizing the other model is 13.49%. From the viewpoint of route distance error rate, it is the opposite. The best error rate when utilizing the similarity transformation model is 7.70%, and when utilizing the other, it is 6.40%. It is because that the similarity transformation model compensates the estimation at the time when obtaining a sparse location so that it coincides the sparse location. Therefore improve position error rate. Conversely, the linear approximation model, which uses the error distance per second, is reflected in the estimation of moving velocity. Therefore it decreases route distance error rate. 
In real-time compensation, both metrics tend to be fine when utilizes the linear approximation model. The best position error rate is 24.94% and distance error rate is 11.42%. Currently, the similarity transformation model uses the newest sparse location only when updates the parameter describing this model. Therefore there is possible that the parameter describing this model is changed largely every time updating this model. Orientation error model
Without Model
Model (1)
Model (2)
Model (3)
Position
17.19%
11.78%
10.37%
10.85%
Distance
16.50%
7.70%
7.96%
8.65%
 (a) Utilize the model using similarity transformation.
Orientation error model
Without Model
Model (1)
Model (2)
Model (3)
Position
17.01%
15.53%
14.63%
13.49%
Distance
6.40%
7.21%
7.24%
7.01%
 (b) Utilize the model using linear approximation.
Table 6. Evaluation location estimation error average of post compensation.
Orientation error model
Without Model
Model (1)
Model (2)
Model (3)
Position
27.43%
28.65%
31.35%
29.47%
Distance
13.94%
15.33%
14.36%
15.09%
 (a) Utilize the model using similarity transformation.
Orientation error model
Without Model
Model (1)
Model (2)
Model (3)
Position
25.19%
24.94%
28.14%
26.55%
Distance
11.42%
11.70%
11.42%
11.61%
 (b) Utilize the model using linear approximation.
Table 7. Evaluation location estimation error average of real-time compensation.

Discussion about Error Model of Orientation [bookmark: _Ref358118598]Number of subjects
2
Number of routes
4
Place of     smartphone
Waist
Size of the area
23mx70m
Table 3. Experiment information.


Length
Corner
A
120
3
B
160
7
C
215
19
D
120
3
Table 4. Route information.



Error Rate
Position
52.55%
Distance
36.11%
Table 5. Evaluation location estimation error average without compensation.

As shown in Table 8 and Figure 9, the compensation effect is prominently different by routes. The best improvement rate is 10.6% in route B, and 3.53% in route C. In brief, there are the cases that the compensation effect of orientation changing error model is large or small or even work it worse. Therefore, it is also possible to consider that an orientation changing error model, which is less likely to deteriorate precision, is superior. In this experiment, we cannot affirm which orientation changing error model is more superior. Conducting experiments with various routes and subjects, and further consideration will be needed to yield any findings of it.
Also, the compensation effect of drift angle error model is invisible in this experiment. As future work, we need to evaluate this model by conducting an experiment with a long straight route. 
Conclusion 
In this paper, we proposed a compensation scheme using sparse locations and error models. We modeled errors occurred by individual differences of step length or walking motion, and updated parameters describing error models utilizing sparse locations. Then we applied these models to PDR estimation. For evaluating our scheme, we collected walking data of 2 subjects in four routes. As a result, we gained the knowledge that appropriate moving distance error model is different from post compensation and real-time compensation. Moreover, it improved the position evaluation metric to approximately 10% and the distance evaluation metric to approximately 7% using our scheme. Future work will address the following points: [bookmark: _Ref358566240]Figure 9. Examples of successful compensations.
[image: Macintosh HD:Users:nozaki:Documents:UCLprojects:HASCA:img:person6194_base.png]
(b) Utilize the model using similarity transformation.
[image: Macintosh HD:Users:nozaki:Documents:UCLprojects:HASCA:img:person6194_linear.png]
(d) Utilize the model using linear approximation and the unbalanced error model.
[image: Macintosh HD:Users:nozaki:Documents:UCLprojects:HASCA:img:person6194_no.png]
(a) No compensation.
[image: Macintosh HD:Users:nozaki:Documents:UCLprojects:HASCA:img:person6194_similar.png]
(c) Utilize the model using similarity transformation and the unbalanced error model.

Orientation error model
Error
Without Model
17.66%
Model (1)
7.58%
Model (2)
8.61%
Model (3)
7.06%
(a) Route B
Orientation error model
Error
Without Model
12.43%
Model (1)
11.44%
Model (2)
8.90%
Model (3)
9.16%
(b) Route C
Table 8. Position error rates average of individual routes in utilizing the model using linear approximation.



Improvement of error models 
In this research, current error models are linear. A nonlinear model may be designed. Also, we should evaluate the error model that has not been evaluated and improve this.
Using other devices to obtain sparse locations.
Sparse locations that we are using currently are obtained by UWB localization system. In practice, we should use sparse locations obtained from inexpensive devices, such as BLE. Therefore a scheme considering estimation error of sparse locations is necessary.
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