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Abstract

Location-based technology is key for ubiquitous society. To enhance the location-based 
services, recognizing the places and the patterns where a person and an object have visited 
in addition to geographical locations is needed. Although some researchers have developed 
methods that extract outdoor stay regions from GPS trajectories to recognize the visiting 
places, there is no technology that recognizes stay regions, such as spatial location in a 
living house and an office building, from indoor trajectories. Technology for extracting 
indoor stay regions is required to achieve more intelligent indoor-location-based services, 
such as smart-home and smart-office. Therefore, we developed a method which extracts 
stay regions from an ultra-wideband (UWB) indoor trajectory. An UWB indoor positioning 
technology provides location information with a few-tens-of-centimeters error. Our devel-
oped method was evaluated comparing with conventional methods.
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1 Introduction

Location-based technology, such as using GPS and Wi-Fi, is key for ubiquitous society. To 
recognize spatial positions of a user, location-aware services which give information based 
on the user’s location are performed. The location-based technologies have been adopted 
in many situations, such as product management in a factory, security by tracking a child’s 
location, and transport navigation. To achieve the advances of the location-aware service, 
the system has to recognize spatial positions where a user has visited as symbolic place and 
infer the pattern of moving between the places so that the location-aware service can 
predict user’s behavior and become more personalized.

Currently, location-based technologies are separated into indoor and outdoor use. The 
location-based technologies for outdoor are performed by GPS, which has already been 
common. On the other hand, the location-based technology for indoor location-aware ser-
vice has not been standardized yet and so, some researchers are developing it using some 
kinds of sensor technologies, such as Wi-Fi[14], Bluetooth[15], and RFID[16]. Each of 
the location-based technology has both advantage and disadvantage based on the scope and
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accuracy of detecting the position of an object; i.e., Wi-Fi and Bluetooth have a larger scope 
of the detection than RFID, but recognize an object in accuracy with a-few-meter error and 
RFID recognizes in-small-area objects in high accuracy. Thus, the location-based technol-
ogy to be adopted has to be chosen based on the requirement of the location-aware service.

The purpose of our research project is to develop technologies supporting activities 
that a person performs in an indoor space, such as smart-home, smart-factory, and smart-
office. For detecting such kinds of indoor human behaviors, an indoor positioning technol-
ogy should be chosen based on the targeted room space and the detection accuracy with 
which the kinds of human activities can be identified. Thus, this paper presents a method 
for identifying places where a user has visited in indoor space by using wireless devices. 
Another purpose of our project is to develop an indoor positioning technology without 
prior knowledge about the place and persons’ behavior. In recent years, an ultra-wideband 
(UWB) has been given attention to achieve indoor positioning systems as new wireless 
technology. An UWB indoor positioning system has features as follows; scope which can 
be detected by the UWB sensors is within less than 20 m, an average accuracy in which 
an object is detected by using the UWB sensors is around 20 cm, power consumption of 
UWB sensor is low, and UWB signal is not obscured by a wall and an obstacle[18]. For 
positioning using Wi-Fi and Bluetooth signals, location fingerprinting is commonly used; 
for positioning using UWB signals, trilateration is commonly used, making system-setting 
easier than the location fingerprinting.

Some researchers have studied on a positioning system of using UWB sensors and 
location-aware service based on the positioning system. For example, Duru et al. [5] in-
vestigated position-measuring algorithms for tracking an object with UWB sensors. Cai et 
al.[4] developed an ensemble learning particle swarm optimization algorithm for indoor tar-
get detection and showed that it almost correctly detected target positions in empty indoor 
environment．Although their method may be useful to identify each tag position, it is not 
evaluated for environment with Non-Line-of-Sight condition and multi-path problem yet, 
and the purpose of the algorithm is not to detect the stay regions of the target. Alhadhrami 
et al.[1] used a UWB positioning system to develop a voice-guide service for a blind per-
son. The service gives information showing the user’s surrounding state and guides the 
direction to exit the room from the user’s current position. Huo et al.[8] developed an aug-
mented reality system which supports the discovery of the surrounding smart things and 
their locations through an augmented reality smart system. The previous studies of using 
UWB sensors have developed systems giving a service at current position of a UWB tag. 
To improve intelligence of indoor location-aware service, the location-based system has to 
recognize the user’s positions detected by UWB sensors as symbolic place of the user’s 
destination; so the system is able to infer daily routines and contextual behaviors by using 
user model made from the user’s movement [10]. To achieve this, the use of position of 
interest (PoI) database for target indoor is the best approach; however, due to high cost such 
as human labor and time, making such kind of knowledge base for each indoor is difficult.

Therefore, we developed a method for extracting stay regions from UWB indoor trajec-
tory. Our proposed method is based on the time-based clustering[9] which is an algorithm 
for extracting stay regions from GPS trajectry. We combined the time-based clustering al-
gorithm with two factors, user’s direction and location, to extract stay regions from indoor 
geospatial trajectory. Our developed method was evaluated and used to compare with con-
ventional methods. The results showed our proposed method correctly extracts stay regions 
from indoor geospatial trajectory with easy parameter settings.
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2 Approach

The purpose of this study is to develop a method for extracting stay regions where a user has
visited from UWB indoor trajectory made during the user’s movement. This section shows
settings of this study, introduction to the previous algorithms for extracting stay regions
from GPS trajectory, and design policy of a method for extracting indoor stay regions,
accordingly.

2.1 Settings

We define UWB trajectory data and a stay region which is extracted from the UWB trajec-
tory data, and also show an indoor environment where the UWB trajectory data is made for
this study.

To get positions of a user’s indoor movement, an UWB tag is attached to the user and
each UWB anchor placed at a different corner of the room detects the distance from the
UWB tag by using the time-of-arrival method (TOA). Then, based on the distances between
the UWB tag and each of the UWB anchors by a measuring method, such as trilateration,
the spatial indoor-position of the user is calculated. The positions of the object are obtained
with the timestamp at a higher rate of 10 per second.

An UWB tag position pi is defined as a tuple (xi,yi, ti); xi and yi represent the x and y of
two-dimensional coordinate at time ti. UWB trajectory T of UWB tag positions of a user
is a set of n temporarily increasing points; T is defined as {p1, p2, . . . , pn}. UWB trajectory
T contains positions where a user has intentionally visited and positions during moving
to another place from the place where a user stayed. A place where a user intentionally
visited is defined as stay region which is a set of the consecutive positions where the user
intentionally visited; Place is represented as follows;

Place = {pi, pk, . . . , pn}, ti < tk < tn, pi, pk, pn ∈ T. (1)

An UWB positioning system makes UWB trajectory including outlier and missing po-
sition, due to the nature of indoor multipath propagation environment and environment
with non-line-of-sight (NLOS) condition between positions of an anchor and a tag. The
UWB localization system will dramatically degrade the performance of the conventional
localization method by the multipath propagation and NLOS problems. Thus, a method
for extracting stay regions from UWB trajectory inputs T and then outputs Places by not
exerting influence on such UWB errors.

2.2 Previous Algorithms for Extracting Stay Regions from GPS Outdoor Tra-
jectory

Although there has not been an algorithm for extracting stay regions from UWB indoor 
trajectory yet, some researchers have developed algorithms for extracting stay regions from 
GPS outdoor trajectory. They have tackled the problem on GPS detection error within GPS 
trajectory. Thus, to develop an algorithm for extracting stay regions from UWB indoor 
trajectory, we take the previous algorithms for outdoor into account.

According to the literature[12], the algorithms for extracting stay regions from GPS 
outdoor trajectory are categorized into four types; density-based, rapid-based, time-based, 
and direction-based. The overview of the four is described as follows:
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• A density-based algorithm, which relies on a density-based notion of clusters is de-
signed to discover the clusters and the noise in a spatial database[6]. The density
within the areas of noise is lower than the density in any of the clusters. The algo-
rithm requires only one input parameter to determine density-reachable points.

• A rapid-based algorithm, which extracts low-speed segments, where the instanta-
neous speed between two consecutive points is lower than that in other parts of the
same trajectory corresponds to interesting places[13]. The other algorithm[3], which
assigns stop to PoIs in a given PoI database, estimates the location and time of a user
and then ranks the PoIs using a line-segment-intersection-based approach.

• A time-based algorithm is based on clustering the locations along the time axis. The
measured new-location is compared with previous locations and then, if the new lo-
cation is moving away from the previous locations, the new location is considered to
belong to a different cluster[9].

• A direction-based algorithm, which buckets speed and acceleration to identify all
those segments of a GPS trajectory and then extracts segments of the user’s positions
with a distribution of bearing change and standard deviation of each segment[2]. The
main idea of the algorithm is that the bearing is random in nature when a user is at a
point-like or an extended place.

2.3 Design Policy

Normally, due to the user’s activity in small space, moving distance and time spending for 
stay are much shorter indoor than outdoor. If the previous algorithms for GPS outdoor 
trajectory are adopted to extract stay regions from an UWB indoor trajectory, it is difficult 
to extract correctly the indoor stay regions. For example, the density-based algorithm is 
likely not to extract any position in each correct stay region but extract positions on an 
aisle which a user often go through. The density-based algorithm is not able to judge if 
the density of positions during certain short time is at stay region or not. Since the moving 
distance of the user is often too short indoor, the rapid-based algorithm may not judge the 
differences between the moving position and stay position of a user. On the other hand, 
the time-based algorithm and direction-based algorithm have the possibility to correctly 
extract stay regions from an UWB indoor trajectory. For example, the time-based algorithm 
selects consecutive positions of a user during a certain time to extract stay region where the 
user visited; however, it is difficult to set the time parameter because of requesting the 
sensitive parameter in case of a user’s movement for picking something up. The direction-
based algorithm can detect the clustered positions where a user has stayed indoor as well 
as outdoor; however, it is difficult to determine the parameter of the direction randomness 
because of user’s little movement indoor.

User’s indoor location is one of the useful factors used to extract stay regions from 
the indoor trajectory. In many cases, there are furniture and equipment along the wall at the 
room, such as home and office. If a user moves toward the wall and then stays near the wall, 
the user may have a destination to the furniture or equipment along the wall. Therefore, 
based on the three factors (time, direction, and location), we develop an algorithm which 
extracts stay regions from UWB indoor trajectory.
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3 Proposed Method

We developed a method for extracting stay regions from UWB indoor trajectory based on
the design policy which is described in section II.C. The developed method firstly chooses
three anchors among some anchors at the indoor space for estimating the position of a tag
to deal with the NLOS condition and multipath propagation problems. The anchors are
chosen by the smallest-three standard deviation for N more-recent-distance values between
the anchor and tag. Then, the developed method extracts stay regions by our proposed
algorithm in which the time-based clustering algorithm[9] is combined with two factors;
direction and location. The pseudo code of the developed method is shown in Figure 1.

cluster(p) 
input: measured position p 
state: current cluster cl, 

 pending location ploc, 

stored position ploc, 
visiting place Places 

parameter: d1, d2, t, (0 <  < 1)

1: if distance(cl, p) < d1 then

2: add p to cl 
3: ploc = null
4: else 

5: if ploc != null then

6: if duration(cl) > t then

7: add cl to Places 
8:    else if  facing wall(cl)  

& distance(wall, cl) < d2 then

9: if duration(cl) > t*  then

10:     add cl to Places

11: clear cl 
12: add ploc to cl 
13:   if distance(cl, p) < d1 then

14:  add pl to cl 
15:  ploc = null 
16:  else 

17:  ploc = p 
18:  else 

19:   ploc = p 

Figure 1. Pseudo Code of the Proposed Algorithm 

Figure 1: Pseudo Code of the Proposed Algorithm.

Based on utilizing a user’s direction and location, the line 8-10 of the pseudo code of 
the proposed algorithm shows a part of the clustering processing. The part of the clustering 
process means that stay region during shorter time than the threshold t ∗ α is added into 
the list of the user’s visited places, Places, if many user’s positions within the cluster cl 
are directed to the wall and the centroid of cl is less than parameter d2 far from the wall. 
Therefore, a cluster in which many positions are directed to the wall and are located near 
the wall is likely to be recognized as stay region, even if the cluster is in short time stay.
    The proposed algorithm contains two types of parameters which are concerned with
distance and time. The distance parameter d1 and d2 represent the distance between a 
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position and the position next to it for making a cluster and distance between a position 
and wall near it for giving the advantage of the location, respectively. Both distance 
parameters are set to be about the same values as an average UWB error. The time 
parameter t repre-sents stay-duration to recognize a cluster in a stay region. The parameter 
t is set to be a few seconds to detect simple human’s indoor-behavior.

After finishing the clustering process, each cluster is combined with the other cluster if 
the distance between the two clusters is the distance parameter d3. The parameter d3 is set 
to be twice of an average UWB error, although the density-based algorithm[6] for GPS 
outdoor trajectory set the distance parameter d3 into half of d1.

4 Evaluation

4.1 Procedures

By comparing our proposed method to the conventional method, we confirmed the effects 
of our proposed method with UWB trajectory data.

The UWB trajectory data which was used for the evaluation was made in the room, our 
laboratory, as shown in Fig. 2 by six persons who were attached with a UWB tag. The 
persons run on one-hour schedules which were made by combining the following items; 
1) working on their own desk, 2) picking up a book on the shelf, 3) picking up a device
on the shelf, 4) picking up a copy of a document on the printer, 5) making tea nearby the
home-electric appliance shelf, 6) relaxing on the sofa chair, and 7) looking outside from
the window. More than 70,000 UWB positions with timestamp were obtained as the UWB
trajectory data of the experiment, which included more than 100 UWB missing positions
and 44 stay regions which the person intentionally visited.

Four UWB anchors were set to on 2250 mm height at each corner of the room. There 
were 12 desks and a PC on each of the steel desk, sofa chairs, two steel bookshelves, two 
steel equipment shelves, a printer, some home-electric appliances, four wifi and so on. As 
UWB sensor and device to communicate with the dwm1001 sensor module in the 
experiment, the DWM1001 sensor module1 and Raspberry pi2 were used, respectively. 
More than three persons worked in the room during the experiment. In the experimental 
environment, we investigated the detection accuracy of a UWB tag position. As shown in 
Figure 2, the UWB-position detection accuracy was measured one-hundred times for 12 
positions of the room. The positions of all tags were in NLOS conditions against the one of 
the anchors. TABLE 1 shows the results of the UWB-position detection accuracy. In the 
results, the average detection error on x-axis and y-axis were 183.93 mm and 159.91 mm, 
respectively, and maximum detection error of the UWB-position on x-axis and y-axis were 
487.74 mm and 482.24 mm, respectively. Since the maximum error of the UWB-position 
detection is about the same wide as a usual adult body, detecting the person’s position by 
UWB sensors is allowed for tracking the person’s behavior in the experiment. In the 
measuring positions with id 7, 8 and 11, the accuracies of the UWB-detection were lower 
than the others, since the average of the UWB-detection error with the ids were larger than 
200 mm on x-axis and y-axis. We found that the reason of the low accuracy of the UWB-
detection at their positions was the NLOS condition for more than two anchors and the tag.

1https://www.decawave.com/product/dwm1001-development-board/
2https://www.raspberrypi.org/
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Figure 2: Layout of a room where the experiment was performed. (number represent posi-
tion where the UWB sensor was evaluated and it’s id. )

Table 1: Results of UWB-position detection accuracy in the investigation.
Measuring Error (mm) on x-axis Error (mm) on y-axis

position average S.D. Max. Min. average S.D. Max. Min.
1 72.21 46.25 264.97 1.81 219.83 71.42 482.24 51.03
2 265.45 33.15 321.78 38.69 93.31 59.81 362.13 3.16
3 43.79 42.78 244.03 0.86 188.70 67.23 466.89 68.91
4 39.32 19.39 85.60 0.05 58.95 27.78 161.90 9.23
5 56.20 41.87 424.56 11.25 67.93 35.83 222.01 14.06
6 307.82 176.84 487.74 50.78 64.31 18.80 113.93 23.53
7 268.61 38.24 352.76 171.68 213.70 35.36 294.16 138.83
8 200.82 113.34 399.99 10.54 218.92 26.54 284.32 119.69
9 99.31 62.45 277.30 2.72 275.09 69.02 354.20 3.13

10 270.67 34.12 353.73 141.57 95.70 16.86 141.12 63.87
11 406.74 31.09 440.14 126.12 388.74 12.62 390.00 263.80
12 176.24 16.21 212.29 131.97 33.72 13.66 59.28 0.68
All 183.93 54.64 487.74 0.05 159.91 37.91 482.24 0.68
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The proposed method was compared with the algorithm for GPS stay-region extraction,
the time-based algorithm[9], by precision, recall and f-measure scores of the extracted stay-
regions within the correct stay-regions. The algorithms were adapted with parameter tuning
to the UWB indoor trajectory.

4.2 Results and discussions

First, we show the results of parameters which were investigated for the algorithms by using
a sample data set of UWB trajectory with 20 stay-regions; the data set was not included in
the experimental data to investigate the accuracy[7]. Then, we show the accuracy of the
algorithms in extracting the stay regions from the UWB trajectory based on the investigated
parameters.

4.2.1 Investigation results on parameters of the algorithms

Figures 3 and 4 show numbers of the clusters (stay regions) found in parameters of time
threshold and different distance by the proposed method and the time-based algorithm,
respectively.

Figure 3: Number of the clusters (stay regions) detected in parameters of time threshold 
and different distance by the proposed method.

The proposed method had a similar tendency of the parameter settings to the time-based 
algorithm. In the parameter of time threshold, both algorithms detected a close number of 
the correct stay regions, 20, by setting 3-13 seconds to the parameter. The proposed method 
had more parameters of the time threshold than the time-based algorithm to detect all of the 
correct stay regions. In the distance parameter, both algorithms detected the stay regions 
more correctly with the parameter setting of 1100, 1200, and 1300 mm than the parameter 
setting of 1000 mm or 1400 mm; the tendency of which is stronger in the proposed method 
than the time-based algorithm. The distance parameter may indicate a normal walking 
speed of around 1200 mm per second. Therefore, the parameter settings of the proposed 
method are easier than the ones of the time-based algorithm.
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Figure 4: Number of the clusters (stay regions) detected in parameters of time threshold 
and different distance by the time-based algorithm[9].

4.2.2 Results on stay-region extraction

Figrures 5-7 show precision, recall, and f-measure scores of the proposed method and the 
time-based algorithm[9]. Based on the investigated parameters, the proposed algorithm 
and the time-based algorithm were set to more than 5 and 1100-1300, respectively as time 
threshold parameter and distance parameter.

In both scores of the precision and the f-measure, the proposed method obtains better 
results over the investigated time than the time-based algorithm as shown in Fig. 5 and 7, 
respectively. In the recall score, the proposed method obtains better result in 25 s or more; 
however, the time-based algorithm obtains better result in less than 25 s as shown in Fig. 
6. Detecting accurate stay-regions is required to recognize human behaviors, meaning that
the precision is more important than the recall. Therefore, the proposed method is useful to
extract the stay regions from the UWB indoor trajectory with easy parameter settings.

Fig. 8 and 9 show the example of the UWB trajectory with the person and the results of 
extracting stay-regions from the UWB trajectory by the proposed method. In the example, 
the UWB trajectory while moving to another place was removed by the proposed method. 
However, it couldn’t recognize some stay-regions in quickly picking up something looking 
outside from the window. When the person sat at his desk, it was difficult for the current 
UWB localization technology to get more accurate positions than the other since the tag 
was under the desk. Although the UWB location technology can detect such stay-region in 
the experiment, it is required to correct the positions which the UWB location technology 
detects in such the condition.

5 Conclusion

For location-aware service in ubiquitous society, recognizing symbolic places where a per-
son has visited is becoming a more important technology in addition to recognizing a per-
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Figure 5: Precision of the proposed method and the time-based algorithm[9].
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Figure 6: Recall of the proposed method and the time-based algorithm[9].
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Figure 7: F-measure of the proposed method and the time-based algorithm[9].

Figure 8: Example of UWB trajectory obtained in the experiment.
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Figure 9: Results of extracting stay-regions from UWB trajectory by the proposed method 
(Circles indicate the extracted stay-regions).

son’s position. In this study, we developed a method for extracting stay regions from the 
UWB indoor trajectory. The developed method is based on the time-based algorithm which 
is combined with the two factors (user’s location and direction) for indoor. To confirm that 
the developed method worked well, we established an UWB indoor environment to get the 
UWB trajectory data and compared to the conventional method by the trajectory data. The 
evaluation results showed the proposed method correctly extracts stay regions from UWB 
indoor trajectory with easy parameter settings.

In our future works, we will improve the UWB positioning detection accuracy and 
evaluate the proposed method in practice. And also we are going to develop some intelligent 
services by using the indoor positioning system.
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