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A BSTRACT
An important problem in wide area augmented reality applications
is to localize the user accurately so as to superimpose metadata in
the user’s field of view. This task is easier in outdoor environments since GPS is available. Also, for small area AR applications consisting of a scene with a great deal of texture, computer
vision techniques can be used to determine a user’s pose. In this
paper, we propose an end-to-end system which can be used to (a)
construct 3D models and associated 2D floor plan of large scale indoor environments in a fast, automated, scalable way; (b) construct
multiple sensor e.g. WiFi and imagery signature databases for the
same environment; (c) use the reference databases in part (b) to
recover position of users wearing an AR glass or carrying a mobile device equipped with a camera and WiFi sensor. The system
consists of a man portable backpack of sensors carried by an operator inside buildings walking at normal speeds. The sensor suite
consists of laser scanners, cameras and an IMU. Particle filtering
algorithms are used to recover 2D and 3D path of the operator, a
3D point cloud, the 2D floor plan, and 3D models of the environment. The same walkthrough that results in 2D maps also results in
multi-modal sensor databases, in our case WiFi and imagery. The
density of the resulting WiFi database in our system is considerably
higher than existing systems due to continuous, rather than stopand-go, WiFi signature acquisition. We use particle filtering algorithms in an Android application to combine inertial sensors on the
mobile device or glass, with 2D maps and WiFi and image sensor
databases to localize the user. Experimental results for the second
floor of the electrical engineering building at UC Berkeley campus
will be shown.
Keywords: Augmented reality, image-based localization, WiFi
indoor localization, inertial sensors, particle filtering
Index Terms:
I.4.9 [Image processing and computer vision]: Applications—Image-based localization; C.2.m [Computercommunication networks]: Miscellaneous—WiFi indoor localization
1

I NTRODUCTION A ND R ELATED W ORK

In recent years, indoor localization has received a great deal of attention among researchers. On one hand, it has a number of important applications such as location-aware intelligent shopping assistant and indoor real-time navigation. On the other hand, it is a technically challenging problem due to the fact that most buildings virtually block GPS signals. Hence alternate localization approaches
are needed for the indoor environment.
The prevalence of WiFi infrastructure inside most buildings provides a natural starting point for this problem. A well-known ap∗ e-mail:
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proach is to construct a database of WiFi Received Signal Strength
Indicator (RSSI) fingerprints for the building. The RSSI fingerprint
for each location is a vector of decibel values where each row corresponds to the WiFi signal strength of a particular access point
detected at that location. As the client-side application queries the
database with an RSSI measurement, algorithms such as Redpin [1]
or variants of k−NN [20, 23] are used to retrieve the location whose
fingerprint is closest to the querying fingerprint. A major advantage
of this method is its cost-effectiveness since hardware infrastructure
is already in place in most indoor commercial and residential buildings. Furthermore, practically all mobile phones and consumer
electronic devices have WiFi scanning capability. One disadvantage of this approach is that the location dependency of RSSI is
not reliable and is subject to interference. Even though room-level
accuracy e.g. approximately 5 to 10m has been demonstrated, the
method does not achieve meter or sub-meter level accuracy [22].
Another approach that could be used for localization is inertial
dead reckoning using wearable glass or smartphone’s on-board accelerometer, gyroscope and magnetometer. Nowadays consumer
electronic devices are quipped with increasingly more accurate sensors that are capable of sampling at fast data rates. Utilizing these
sensors, users’ speed and orientation of movement can be estimated
and their path can therefore be tracked in real time. Magnetometer
can be used to get users’ orientation, but it suffers from interference from various indoor magnetic anomalies such as steel cabinets. Integrating raw accelerometer and gyroscope readings provides displacement information but integration introduces significant drift error [2]. To estimate users’ movement, a commonly
adopted method is to first detect their steps, and then estimate the
corresponding step lengths [25, 26, 31]. The inertial sensor-based
approach is different from the WiFi-based one in that it only estimates relative change of position, whereas WiFi measurements
provide position estimates in the global coordinate frame. In an
attempt to combine strengths of above two approaches and combat their respective weaknesses, it is possible to use a probabilistic
technique, e.g. particle filtering, to derive an integrated location
estimate. Specifically, work by Li et al. [3] has demonstrated that
the combined system can achieve a mean tracking accuracy of 1.5m
when the smartphone is held in hand.
Recently an image-based indoor localization scheme [4, 5, 16,
18] has been proposed for mobile devices with cameras. Firstly,
a database of images is constructed via a man portable ambulatory
backpack of sensors, and then images taken by the client mobile device are used to retrieve those images with most number of matching features in the database. The Shift Invariant Feature Transform
[6] finds distinct features contained in images that are invariant to
uniform scaling and partially to affine distortion. Even though this
method generally achieves higher accuracy than WiFi RSSI matching, its performance is degraded when the query image has few
distinguishing features, or when the pictures are of low quality due
to out-of-focus and/or motion blur. In the first case, lack of distinct
features would adversely affect the ranking of retrieved database
images. In the second case, it is difficult to detect and extract features from blurry images. Liang et al. [4, 5] have shown that in the
static case, where blur-free images are captured with a stationary
camera, image-based localization could achieve an accuracy of 2

meters over 80% of times, and 4 meters over 90% of times.
To achieve multimodal indoor localization, a mechanism is
needed to combine various sources of location estimates. Particle
filtering is one of the most widely used techniques for sensor fusion due to its flexibility [21, 24, 29]. Non-probabilistic techniques
such as that proposed in [19] are not suitable for dynamic tracking
of a user’s indoor position since they can not produce an integrated
location estimate until both WiFi and image results are available.
Furthermore, a reliable confidence metric for an indoor localization
modality can be quite challenging to obtain.
In this paper, we propose an end-to-end system which can be
used to (a) construct 3D models of large-scale indoor environments
in a fast, automated, scalable way; (b) construct multiple sensor e.g.
image and WiFi signature databases for the same environment; (c)
use the reference databases in part (b) to recover position of users
wearing an AR glass or carrying a mobile device equipped with a
camera and WiFi sensor. The system consists of a man portable
backpack of sensors carried by an operator inside buildings walking at normal speeds. The sensor suite consists of laser scanners,
cameras and an IMU [8, 11, 12, 13, 14]. Particle filtering algorithms are used to recover 2D and 3D path of the operator, the 3D
point cloud, the 2D floor plan, and 3D models of the environment.
The same walkthrough that results in 2D maps, is used to generate
multi-modal sensor databases, in our case WiFi and imagery. The
spatial density of the resulting WiFi database in our system is considerably higher than existing methods due to continuous, rather
than stop-and-go, movement of the operator during data acquisition. We use particle filtering algorithms in an Android application
to combine inertial sensors on the mobile device or AR glass, WiFi
and image sensor databases, and a 2D map of the environment to
localize the user. Experimental results for the second floor of the
electrical engineering building, Cory Hall, at UC Berkeley campus
will be shown in Section 5.
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Figure 1: Ambulatory backpack equipped with various sensors.

DATA COLLECTION SYSTEM OVERVIEW

In previous work, we have demonstrated that an ambulatory backpack, shown in Figure 1, equipped with two cameras, one orientation sensor, and five 2D laser range sensors can be used to generate
a 2D floor plan and 3D model of an indoor environment with a
single walkthrough of the building with 10cm average 3D position
accuracy [8, 11, 12, 13, 14]. Our system builds on top of that work
by adding WiFi scanning capability to the backpack. Specifically,
we use three USB AirPcap NX cards from Riverbed Technology
to capture 802.11 beacons. As the human operator walks with the
backpack, the Multi-Channel Aggregator captures WiFi beacons on
all supported channels in the 2.4GHz and 5GHz bands, recording
the timestamp and RSSI of each beacon. The operator walks at normal speeds, i.e. at about 0.7 m/s, to generate a dense WiFi signature
database. Thus, with one walkthrough it is possible to generate both
a 2D map of the environment and the associated WiFi and image
databases for indoor localization.
There are a number of ways to generate the WiFi database: since
the beacon period for each channel is 102 milliseconds (ms), it is
possible to use 3 AirPcap cards to scan each channel for 102 ms
before switching to a new channel. Assuming there are a total of
30 channels to scan in the 2.4 and 5 GHz bands, this results in 1
second end-to-end scanning of all 30 channels; hence at walking
speed of 0.7m/s, the spacing between fingerprint data points in our
WiFi database is approximately 0.7m. To minimize the overhead
associated with switching between channels, it is also possible to
scan each channel for a period of 204 or even 306 ms so as to obtain
2 or 3 beacons for each channel before switching to the next one. In
doing so, we can average the two beacons for the 204 ms case, or
take the median of the 3 beacons in the 306-ms case for each entry
in our WiFi signature database to reduce the noise. However, this
comes at the expense of lower spatial density of the fingerprints in

Figure 2: Ray tracing used to determine validity of a given coordinate.

our database. Specifically, assuming the same walking distance, the
spatial density of 204 (306) ms case is half (a third) of that of the
102 ms database. An example of 306 ms database superimposed on
the 2D floor plan of the 2nd floor of Cory Hall is shown in Fig 2. As
shown, for a donut shaped square corridor of dimension 35 meters,
there are 76 fingerprints in our database. We use this database for
the experiments in this paper.
We have experimentally verified that a normal walking speed of
0.7 m/sec does not result in significant blur to adversely affect the
performance of our image-based localization method [4, 5, 16, 18].
Images taken with two fisheye cameras are post-processed using
algorithm in [4, 5, 18] to construct a database containing processed
images, their corresponding SIFT features, pose information and
depth maps.
To summarize, with one walkthrough at normal walking speed
with the backpack shown in Figure 1 we generate 2D maps and
multiple sensor modality e.g. WiFi and image databases for an indoor environment in order to enable indoor positioning.
3

POSITIONING WITH WIFI

The WiFi database consists of MAC addresses detected at different
locations and their corresponding RSSI values. The fingerprint associated with each point is a variable-sized set of of tuples of the

form (access point MAC address, RSSI). Since the operator of the
backpack moves continuously, and since switching between channels introduces delays, the set of MAC addresses and their fingerprint, is not strictly associated with a single location. We compute
the mean timestamp of all beacons in the fingerprint and associate
the location of backpack at that mean timestamp with the fingerprint. Consequently the smearing associated with 306 ms scans
results in greater position uncertainty than that of 102 ms scans.
When the user queries the WiFi localization database with an
RSSI measurement, the WiFi localization server computes the Redpin [1] scores for all database points, and sorts them in descending
order. We then build clusters starting with the highest score, adding
a point to a cluster if it is within a certain fixed distance from any
point in that cluster [15]. If multiple clusters are within this distance, it is assigned to the one containing the element with the highest score. Once a cluster of size 3 is created, we return the location
of the database point closest to the centroid of that cluster. The
motivation behind this approach is that although the closest point
to the ground truth might not be the top result, there is likely a set
of points close to ground truth and consequently very close to each
other among the top results.
4

POSITIONING WITH INTEGRATION OF WIFI, INERTIAL SENSORS AND IMAGES
4.1 Particle Filtering and Motion Model
We use particle filtering to fuse inertial sensors, WiFi readings and
images to localize the mobile device or the AR glass of the user.
One strength of particle filtering with respect to other filtering algorithms is that it allows us to improve estimation accuracy by increasing the number of particles at the expense of increased computational complexity. The other aspect of our problem that makes
particle filtering particularly attractive is that it can incorporate observations from WiFi and image localization estimates arriving at
different rates. In the following subsections, components of the
particle filtering are discussed.
Our motion model consists of user step length and orientation.
We process accelerometer readings using algorithms in [2, 27] to
detect steps and estimate their lengths. Then we combine step information with orientation to propagate particles [10, 25, 26, 28,
30, 31].
4.2 Observation Update: WiFi and Images
Initially, all particles are given unit weight. Upon receiving a
WiFi or image coordinate estimate, each currently living particle is assigned an importance factor that incorporates the observation. Thus, the importance represents the probability of observing
a measurement given the particle’s current position. Each particle’s
weight is multiplied with the importance factor to obtain an updated
weight.
The importance factor is obtained using a simple Gaussian parametric form:
fit+1 =

−((xz − xti )2 + (xz − yti )2 )
1
√ exp
2σ 2
σ 2π

(1)

where (xz , yz ) is the coordinate returned by WiFi or image localization server, fit+1 is the importance factor of particle i at new
timestamp t + 1, and σ is the variance of the Gaussian distribution.
A smaller σ increases the influence of WiFi or image observations
on particle weights. As σ approaches ∞, observations are not used
to update particles at all; when σ is 0, the newly updated particle
is assigned a large importance factor. Therefore, σ should be inversely proportional to the importance of the results returned by the
WiFi or image localization server. In our implementation, σ for
WiFi updates is a constant 2.0 in normal cases and 5.0 after most
e.g. >90% particles have collided with walls and disappeared. The

Figure 3: Spatial distribution of data points in our WiFi database,
where each circle represents a WiFi signature at the corresponding
location.

reason for choosing a larger σ in the wall-collision scenario is that
when this happens, current location estimate is more likely to be
erroneous, and therefore more of existing particles need to be kept
in order to maintain this uncertainty. For image updates, we take
advantage of retrieval confidence value c [5] returned by image localization server and assign σ = 1 − c. Finally, the particle’s weight
is updated as
wt+1
= fit+1 × wti
(2)
i
Although both WiFi and image results modify particle weights using Equation (1), there are differences between them. In our implementation, retrieving a coordinate from the WiFi database takes 1
to 2 seconds, whereas obtaining a coordinate from the image server
takes 4 to 6 seconds. This temporal difference necessitates different
treatment of two estimates. Since pictures are captured as the user is
moving, by the time the image localization server returns a location
estimate, the user is no longer in the original location the image was
captured. In contrast, we find that 1 to 2 seconds of delay for WiFi
could be safely ignored. The inherent coarser spatial granularity of
WiFi-based localization also makes the delay less important.
Since the image localization returns an estimate of past location,
we can use that estimate to correct particle weights in the present
timestamp in the following manner. Assuming a picture is taken and
sent to the image server at timestamp ts , we record the current position (xs , ys ) as approximated by the centroid of all particles. Starting from ts , as the user walks, the steps and their respective headings are maintained. This step history, (l1 , θ1 ), (l2 , θ2 ), . . . , (ln , θn ),
is complete when the user receives the response (xi , yi ) from the image server at time te . Then the received coordinate (xi , yi ) is propagated backward in time to a new value according to the motion
model discussed in IV-B and is replaced by a new location denoted
by (xi 0, yi 0). Finally (xi 0, yi 0) is used in Equation (1) to update the
current particle cloud at timestamp te .
4.3

Resampling

We adopt a simple resampling criterion: Whenever the number of
living particles is less than 10% of the initial particle count, resampling is triggered. The resampling procedure is described in Algorithm 1. The probability mass function is a mapping L → [0, 1],

Image Localization Server

WiFi Localization Server

(a)

(c)

(b)

(d)
Android Mobile
Client

Figure 5: Client-side architecture and communication paths. The
Android mobile client is either a smartphone or an AR glass. Arrows
indicate direction of message transfer. Message content for each
arrow is as follows. (a) Picture taken by smartphone camera. (b)
Image-based location estimate (xi , yi ). (c) WiFi measurements. (d)
WiFi-based location estimate (xw , yw ).

(a)

(b)

(c)
Figure 4: (a, b) 3D model (c) 2D floor plan and room labels for second
floor of Cory Hall.

where L is the set of distinct coordinates represented by all current living particles. The values on the right hand side of the mapping are probabilities that are proportional to weights of particles at
each location. All particles in the new cloud have unit weight, but
there will be more particles at locations where the original cloud
has greater weights. The purpose of resampling is to reduce diversity of particles in terms of both location distribution and weights
by aggregating particles at locations that are more likely to be the
true location of the user. After resampling step, the total number of
particles is restored to the initial total particle count, N.
Data: Set M consisting of all current living particles and
initial total particle count N
Result: Resampled set of living particles
result = 0;
/
Compute probability mass function (PMF) from which
resampling is done;
while iteration <N do
Generate a new particle from computed PMF;
Assign the newly created particle unit weight;
Add it to result set;
iteration = iteration + 1;
end
M = result;
Algorithm 1: Resampling Procedure

4.4 Location Report
After fusing multiple sources of information, the particle filter returns a single location estimate, which is the centroid of all the
living particles. In computing the average position of the particle
cloud, it is possible for the centroid to lie outside of the valid region
e.g. outside of the walls of floor plan. In that case, we use binary
search along the past trajectory to find the closest valid point as the
answer.
To determine whether a point is in valid regions we use ray tracing as shown in Figure 2; specifically we draw a line from an arbitrary point outside of the polygon to the point in question, check
whether the number of edges crossed is odd, and make sure that if
the crossing is a vertex, it is counted only once. Odd number of
crossed edges/vertices would indicate a valid point. This result is
known in topology as Jordan curve theorem [7].
5 EXPERIMENTAL RESULTS
In this section, we evaluate the performance of our system consisting of step detection/step length estimation algorithm, and the

tracking/localization system for the second floor of the U.C. Berkeley electrical engineering building, Cory Hall. Our WiFi database
used for these experiments is constructed with 306 ms channel
dwell time and there are a total of 76 data points in the database as
shown in Figure 3. The entire path is about 130m, which on average
results in about one WiFi fingerprint per 1.71m in the database. The
data collected by the backpack is post-processed using algorithms
presented in [8, 9] to generate a 3D model and the 2D floor plan
with room labeling of the second floor of Cory Hall, as shown in
Figure 5.
5.1

Client-side System Architecture

The tracking system on the client side is implemented and tested on
Android platform with two devices: Samsung Galaxy S4 smartphone and Vuzix M100 glass. Vuzix M100 runs Android 4.0
and Galaxy S4 runs Android 4.3; both system versions are recent
enough to support required sensor APIs. Vuzix M100 has only
2.4GHz WiFi whereas Galaxy S4 has both 2.4GHz and 5GHz capability. The system architecture is shown in Figure 4.
The glass or smartphone acts as the client that collects WiFi measurements. The user takes a picture using the device every once in
a while. Whenever a full WiFi scan is completed for both 2.4GHz
and 5GHz channels, the client device sends the recorded RSSI to
the WiFi localization server and then initiates another WiFi scan.
Similarly, After a picture is taken, the image data is transmitted
to the image localization server. After computation at localization
servers is completed, coordinates resulting from WiFi and image
are sent back to the client, though most likely not simultaneously.
No sooner does the client receives a response i.e. coordinate from
one of the localization servers, than it feeds that information to particle filtering algorithm. The client also detects steps and estimates
step length in real time and incorporates that information in the particle filter.
5.2

Tracking with Inertial Sensors and WiFi

In Figures. 6 through 9, WiFi measurements are marked using red
diamonds, image updates with correct retrieval are marked as green
asterisks, and image updates with incorrect retrieval are marked as
yellow circles. The floor plan has the same scale as the one shown
in Figure 3, i.e. second floor of Cory Hall, but axes are not shown.
Blue lines connect dots resulting from our location estimation process for a user holding a smartphone or wearing an AR glass. The
ground-truth paths start at lower left corner, i.e. (0, 0) in Figure 3,
go along the hallway to the lower right corner at (27, 0), turn left to
arrive at (27, 31), turn left again to the upper left corner at (-5, 34),
finally turn left once more to return to the start location.
Figure 6 shows two different scenarios of our experimental results. The floor plan is generated by post-processing backpack data
as discussed earlier and is aligned with respect to global coordinate
frame. The orientation data obtained from client device sensors
are in global coordinate frame. Figure 6(a) shows a path generated
by real-time tracking the user’s position using inertial sensors and
WiFi measurements on Galaxy S4. The communication method,
shown as arrows in Figure 4, used for this case is WiFi. There is
a noticeable jump at the lower left corner of the map due to poor
connectivity of WiFi at that area. The entire walk has a total of 21
WiFi measurements and 162 detected steps.
Figure 6(b) is obtained in a similar way to Figure 6(a) except that
4G communication is used when WiFi connectivity is lost. This
way the mobile client rarely loses connection with the server and
the obtained path looks markedly smoother. In Figure 6(b), there
are a total of 18 WiFi measurements and 170 detected steps. Figure
7 shows the path obtained using Vuzix M100 AR glass. There are
a total of 22 WiFi measurements and 180 detected steps.
Paths in Figures. 6(a) and 6(b) are more accurate and look
smoother than Figure 7 because Galaxy S4 has much better WiFi

reception i.e. is capable of detecting more access points at a given
location, than Vuzix M100. Furthermore, Vuzix M100 suffers from
lower WiFi localization accuracy since it does not support 802.11n,
i.e. 5GHz band. Finally, Vuzix M100 does not have 4G connectivity, so WiFi is the only option for data transfer between the AR
glass and servers.
5.3

Tracking with Inertial Sensors and Images

Figure 8 shows the resulting path of integrating sensors and images.
The mobile client transfers images to the server and receives coordinates using 4G connection. There are a total of 10 image updates
and 123 detected steps. Among 10 image localization attempts, 1
failed to retrieve correct matching image in the database. The corresponding coordinate is (-6.1, 21.4) and is marked as a yellow circle
in Figure 8. Since steps only estimate incremental changes of position, the error caused by this retrieval failure does not get fixed until
next image update arrives, which has a correct retrieval and therefore results in an accurate location estimate at (17.0, 31.6). This
path has more jumps and discontinuities than those obtained with
WiFi only in Figures. 6 and 7. Even though image localization
generally achieves higher accuracy than WiFi, its server processing
time is longer. A user walking at normal speeds would have moved
quite a distance between successive image localization results. Although we have dealt with this issue, the slow data rate still has an
adverse effect on the smoothness of the path.
5.4

Integration of WiFi and Images

Figure 9 shows the resulting trajectory for the Galaxy S4 after the
integration of all available information, i.e. inertial sensors, WiFi
and images. Communication between the client device and localization servers is established with 4G. There are a total of 27 WiFi
updates, 10 image updates and 126 detected steps. Steps are detected quite frequently, matching the walking speed of the user;
WiFi retrieval arrives every 3 to 5 meters; image updates arrive
least frequently, matching slow processing time of images on the
server. Among 10 image localization attempts, there is one failed
retrieval at coordinate (2.8, 0.0) marked as a yellow circle in Figure 9. Before this image update, the estimated user location was
at (25.4, 3.8), while after feeding this incorrect image update into
the particle filter, centroid of all the particles is dragged back to the
start of the corridor i.e. lower left corner near the start location. Unlike in Figure 8, this adverse effect does not last long as the WiFi
measurement shown as the red diamond at (20.6, 1.6) in Figure 9 arriving immediately after the erroneous image update, rapidly fixes
this error.
6

DISCUSSION AND FUTURE WORK

While Figures 6 through 9 demonstrate the performance of various
localization methods qualitatively, it is important to also characterize their performance quantitatively. Specifically, Table 1 shows a
number of metrics for comparing the paths in these figures. The
first metric has to do with the number of jumps where a jump is defined as any movement of more than 3 meters long; the motivation
behind this metric is that the user cannot possibly move more than
3 meters in any one step. The second metric has to do with total
distance associated with all jumps. The third metric has to do with
the number of backward jumps indicating the situations in which
the step estimates are ”ahead” of the actual location of the user by
at least 3 meters. These jumps result in visually inaccurate and
counter-intuitive paths. The forth metric has to do with the overall length of each path: intuitively, if there are too many backward
jumps the total length of the path increases. As mentioned earlier,
the ground-truth path length is approximately 130 meters.
As seen, the highest performance method in terms of all metrics
is WiFi only with 4G communication. Interestingly, combination
of image and WiFi results in worst performance, even though there

Figure 7: Trajectory obtained on Vuzix M100 in real time using inertial
sensors and WiFi using WiFi connection.

(a)

(b)
Figure 6: Trajectory obtained in real time through integration of sensors and WiFi measurements using (a) WiFi (b) 4G connections.
Figure 8: Trajectory obtained on Galaxy S4 in real time using inertial
inertial sensors and images using 4G connection.

We might also be able to achieve better performance on AR
glass by updating to the latest version of Vuzix M100 or Google
Glass. Better hardware especially WiFi reception capability and
5GHz band support is essential for boosting WiFi localization accuracy.
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Figure 9: Trajectory obtained on Galaxy S4 in real time through integration of sensors, WiFi measurements as well as images using 4G
connection.
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