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Abstract. We introduce, characterize and test a vision-based dead-reckoning
system for wearable computing that allows to track the user’s trajectory in an un-
known and non-instrumented environment by integrating the optical flow. Only
a single inexpensive camera worn on the body is required, which may be reused
for other purposes such as HCI. Result show that distance estimates are accurate
(6-12%) while rotation tends to be underestimated. The accumulation of errors is
compensated by identifying previously visited locations and “closing the loop™;
it results in greatly enhanced accuracy. Opportunistic use of wireless signatures is
used to identify similar locations. No a-priori knowledge of the environment such
as map is needed, therefore the system is well-suited for wearable computing. We
identify the limitations of this approach and suggest future improvements.

1 Introduction

Wearable computers aims to empower users by providing them with information or
support anytime and anywhere, proactively and in unobtrusive ways. By being “body-
worn” wearable computers can sense the user’s state, such as his gestures, activities
or his location. This contextual awareness is the key mechanism that enables wearable
computers to support users proactively and in an unobtrusive way [1,2]. The physical
location of the user is an important contextual information that allows location aware
computing, such as providing location-specific information in a wearable tourist guide
[3], or learning a person’s daily activity patterns [4, 5].

Satellite positioning systems allow outdoor global localization, but they do not oper-
ate in difficult environments (e.g. indoor, urban canyons). Wi-Fi or GSM signals allow
localization indoor as well as outdoor [6-9], but they generally need a map of the radio
beacon location. Accurate localization is possible in environments instrumented with
localization beacons (e.g. radio, ultrasound)'. Yet these approaches are not well suited
for wearable computing where the user can freely move in an open-ended environment:
a-priori knowledge (map) or instrumentation should be avoided in this case.

Absolute localization (e.g. satellite) combined with dead-reckoning using body-
worn sensors is a way to address this issue. Dead-reckoning in wearable computing
has been investigated with combination of compass to estimate the heading direction
and velocity estimation methods with e.g. step counting [11-13].

! For a review of localization methods, especially indoors, see [10].



In this paper we investigate for the first time in wearable computing a dead-reckoning
method based on the integration of the optical flow from a camera placed on the front
of the user to determine his egomotion (vision-based path integration). Vision-based
dead-reckoning has the potential of being an inexpensive, low-power and highly inte-
grated solution to dead-reckoning since a single camera is needed such as those used in
cellular phones. This approach allows sensor reuse, e.g by using the same camera for
vision-based HCI or even for taking pictures.

This approach is biologically inspired from insect flight and it has been used in mo-
bile robotics for odometry, where it often benefits from controlled environments such
as flat surfaces or good lighting conditions. In contrast, in a wearable setting the con-
straints on the environment are relaxed and noise in the optical flow induced by terrain
geometry or camera angle variations caused by the movement of the user have to be
considered. In this paper we translate known dead-reckoning methods using optical
flow integration in a wearable computing application domain. Our objective is to inves-
tigate the challenges as well as the benefits and limitations of such an approach in this
new application domain.

In order to cope with path integration errors, a path correction mechanism is im-
plemented that “closes the loop” when identical locations are visited. Locations are
identified from the signal strength of radio beacons opportunistically found in the envi-
ronment. Yet the whole system does not need instrumented environments and operates
without any a-priori knowledge, such as a map of the radio-beacons. It therefore fulfills
the requirement for a scalable wearable mapping system.

This paper is organized as follows. In section 2 we explain how optical flow is
computed and leads to egomotion. The setup is described in section 3. In section 4
we characterize the system in a variety of conditions and in section 5 we show path
integration results for typical trajectories. In section 6 we discuss how path integration
errors may be compensated by closing the loop when identical locations are visited.
Finally we discuss the results in section 7 and conclude this paper in section 8.

2 Vision-based dead-reckoning

Vision-based dead-reckoning operates by integrating the optical flow (or image veloc-
ity) registered on a camera. The optical flow is a 2-D motion direction vector field
which is the projection of the 3-D velocities of the environment surface points onto the
image plane. The trajectory of a camera moving in the 3-D space (egomotion) can be
reconstructed from the optical flow knowing the environment structure (e.g. geometry
of obstacles or open environment). Two steps must be carried out: 1) find the optical
flow in a sequence of images, 2) find the egomotion corrsponding to this optical flow
(i.e. dead-reckoning). Figure 1 illustrates the optical flow of typical motions.

Vision-based dead-reckoning has been studied in biology: insects such as blowflies
or bees rely on optical flow to control flight and navigate [14]. The human brain also
uses vision-based path integration to estimate travel distance and direction [15-17].
Optical flow has been used in mobile robots for navigation [18, 19], direction estimation
[20] or odometry [21], and in cars for road-navigation [22].



Fig. 1. Top: typical optical flows with a camera pointing vertically to the floor while moving
forward (left), laterally (center), and rotating (right). The lines are the 2-D motion direction vector
field on the camera. Bottom: schematic view of the optical flow with the camera moving forward
and pointing with a 45° angle downwards.

2.1 Computing optic flow

A summary and comparison of the various techniques to estimate optical flow can be
found in [23]. Here we use the Lucas-Kanade differential technique [24] because of its
low complexity, with the modification proposed by [23]? to estimate accuracy of the
optical flow estimation.
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Fig. 2. The optic flow is the displacement h between F'(x) and G(x) representing the light inten-
sity in two successive frames.

Differential technique in one dimension In the one dimensional case the Lucas-
Kanade method consists in finding the displacement h between two curves F'(z) and
G(z) representing the light intensity along the same line in two successive frames,
where G(x) = F(x + h) (fig. 2). The problem of finding h from F'(x) and G(z) can
be solved by a linear approximation of F' in the neighborhood of x. For small h:
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This algorithm assumes h to be “small enough” in comparison to the frequency of
F(x) (see [24] for details). With fast displacements or low frame rate this condition
may not be fulfilled.

2 Sec. 2.1, paragraph referring to Lucas-Kanade’s method in that paper.



Differential technique in two dimensions In this work we implement exactly the
Lucas-Kanade method as described in [23]. It is the 2D extension of the 1D approach
described above. I(x,t) is the intensity of a pixel at a position x at time ¢. We assume
an image translation: [(z,t) = I(z — v - ¢,0) with v = (v, v,)7 the displacement
velocity. Equation (1) leads to the following gradient constraint equation’:

Vi(z,t) v+ Li(z,t) =0 )

Ii(z,t) is the temporal derivative of I(z,t) and VI(z,t) = (I.(z,t), I, (z,t))T
is the spatial derivative. A least-square fit under this constraint is performed in a small
neighborhood {2 centered on the desired pixel. This yields a solution to v that consists
in simple 2D matrix multiplications of the form v = (ATW?2A)~t ATW?2b with A, W
and b being respectively the gradient of I, a weighting factor giving more importance to
the constraints in the center of the neighborhood, and the temporal derivative of 1. The
mathematical steps are left in [23].

In this work (2 is a 5x5 pixel window, the derivatives are computed with three-point
estimation, and the window function W (x) is separable and isotropic with the effective
1-D weights (0.0625,0.25,0.375,0.25,0.0625). The eigenvalues A\; > A of ATW?2A
can be used to identify unreliable measurements. Here measurements with Ay < 1 are
discarded. All other details are as in [23]*.

2.2 Computing egomotion

We consider 2 relevant degrees of freedom: the forward displacement (translation) and
the angular rotation between successive frames®. They are accumulated to obtain the
travelled path. Figure 3 top illustrates the system parameters. The camera with the hori-
zontal and vertical aperture angle «;, and «, is placed at a fixed height h and is looking
downwards with an angle ¢. A trapezoidal area of the floor with angle ¢ is projected
onto the camera image which has a resolution of res, by res, pixels.

During rotation, the optical flow is horizontal for pixels corresponding to the hori-
zon; pixels mapping to the ground show a slight curvature. This curvature is negligible
because the camera height and inclination map an area of the ground far away from the
rotation center and we assume the optical flow vectors to have identical magnitude v,,
along the horizontal direction. The rotation angle is computed as follows:

TESy - Vg
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1 is function of the camera angle ¢: ¥ = 2 - arctan(sin(p)tan(5)).

? The link with the one-dimensional case is the following: F'(z) = I(x,t), G(x) = I(z,t +
At), h = vy - At, F'(z) = I;(z,t) the partial derivative along x.

* Sec. 2.1, paragraph referring to Lucas-Kanade’s method in that paper.

3 In our scenario the camera is fixed to the body and therefore more than 2 degrees of freedom
(DoF) apply. While in principle the six DoF of the camera motion can be reconstructed from
the optical flow [25], we consider here the 2 major DoF as a way to assess the performance of
the system with the simplest motion model.



Fig. 3. Estimation of egomotion from optical flow. Bottom: tilted camera looking at the floor and
mapping of ground points x and y onto the image x’ and y’.

During translation with the camera moving forward and pointing downwards the
x-component of the velocity vectors can be neglected without loss of information. The
y-component of the velocity vectors have different magnitude at the top and bottom
of the frame (see fig. 1 bottom) and must be taken into consideration. The mapping
between pixels and the ground is found according to figure 3 bottom. The mapping
between the optical flow and the ground motion is given in equation (4). « is the half
aperture angle of the camera (in the figure oy and a are the aperture angle measured
from the point where the normal axis trough the camera crosses the image plane; in
practice vy = ao = «). z is the displacement on the ground in meters, h the camera
height, z* is the optic flow measured in pixel at position p, (pixels) in the image, and p,,
is the vertical image size in pixels. py is a factor to convert between pixel and meters:
ps = (2tan(a))/pm. The overall translation is the average of z computed for each
motion vector with equation (4).

h tan(a) — psp.
cos(i) 'cos(ip) + sin(tan(a) — pyps)

z =

tan(a) + pfps — Prpm +pyz” l @)
cos(ip) — sin(tan(a) + pyps — pspm + prz*)

In order to improve accuracy the optic flow is computed and averaged on 10 frames;
only optic flow vectors which satisfy the reliabily conditions are considered (A2 > 1).
The rotation and displacement is computed with equations (3) and (4). From the starting
position (0,0) with heading 0°, the path is integrated by combining the rotation and
displacement vectors frame by frame.



3 Setup

Images are acquired from a fixed focal length Logitech QuickCam Pro 5000 webcam
which has a maximum framerate and resolution of 30fps and 640x480 pixels. The re-
sults presented below are obtained at 30fps and 120x160 pixels. A Java program allows
offline and batch video sequence processing with many adjustable parameters. A C fil-
ter plugin for Virtual Dub allows real-time processing while capturing the video and it
superposes the integrated path on the video frames. In both cases uncompressed videos
are acquired and processing is done on the luminance channel.

A “synthetic” setup is used for characterization purposes in good lighting conditions
(high contrast). The camera is moved smoothly over a textured surface at a fixed height
and with a fixed angle a. A ground covered with newspaper pages is used, as well as
other floor structures (fig. 4) Ground truth values for speed and rotations were obtained
from markings made on the surface at known distances and angles. The speed and
rotation speed is obtained by counting the number of frames between the appearances
of the markings. In the real-world setup the camera is fixed on the chest of the user,
pointing forward and downwards, so that only the ground is visible in the frame (height
1m45, approximate angle av = 45°).

Fig. 4. Floors: concrete, carpet, linoleum, parquet, and newspaper on the floor.

4 Characterization

The system is characterized in the synthetic environment by moving the camera straight
for a fixed distance of 30cm. Figure 5 left illustrates the distance travelled by the camera
as estimated from the optical flow for various heights and effective speeds (o = 45°).
Figure 5 right illustrates the same with various floor types (h = 54cm, o = 45°). The
distance tends to be underestimated at higher speeds and a higher camera tends to allow
faster speeds. The underestimation is caused at higher speeds by the image that tends
to blur and the “small displacement” condition that is not respected. With h = 90cm
the distance is constantly underestimated due to the blurred images acquired from the
camera which has a focal length optimized for short distances (i.e. the fine textures
disappear). The ground type has only limited impact on the results and similar results
were achieved with the dark carpet and the lighter parquet textures.
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Fig. 5. Camera travel distance estimated from the optical flow for various effective speeds and
camera heights (left) and floor types (right).

Rotation estimation is characterized in the same way by rotating the camera smoothly
at various rotation speeds until a 90° rotation is achieved. The camera angle is o = 45°.
The rotation angle of the camera as estimated from the optical flow is illustrated in fig.
6 left for various camera height and in fig. 6 right for various floor types (h = 9.5¢m
in this case). The angle tends to be underestimated with increasing angular velocities.
Furthermore even for small angular velocities the underestimation is already high. The
reasons are similar as before: the small displacement assumption is not respected and
the image tends to blur with higher rotation speeds. Even low rotation speeds corre-
spond to a large image translation in terms of pixels. As a consequence the small dis-
placement assumption is not respected even for low rotation speed, which explains the
underestimation.

©
o
©
o

——h=9.5cm —— Concrete
—6—h=19.5cm —E&— Parquet
80t —+—h=31cm 801 —+— Linoleum
h=54cm Carpet

~
o
~
o

@
o
@
o

Angle measured from optic flow [°]
3

Angle measured from optic flow [°]
a
o

10p ) ) 1 101 ) ) 1
0 20 40 60 0 20 40 60
Rotation speed [°/s] Rotation speed [°/s]

Fig. 6. Camera rotation angle estimated from the optical flow reported effective rotation speeds

and various camera heights (left) and floor types (right).




The results may be improved by a mathematical compensation based on the system
characterization. The incremental angle and displacement estimated from the optic flow
is corrected at each time step by a factor linearly proportional to the angular speed or the
velocity. The correction funtion is determined from analysis of the system’s behavior
at various rotation speed and camera angles. If some parameters are fixed (e.g. fixed
camera angle) this correction function can be further optimized for this case. Figures 7
and 8 illustrate the system characteristics without (left) and with (right) mathematical
compensation. The real rotation and translation is 90° and 0.3m, the camera height
53cm.
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Fig. 7. Original (left) and mathematically compensated (right) angular measurement at various
speeds and camera angles.
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Fig. 8. Original (left) and mathematically compensated (right) distance measurement at various
speeds and camera angles.




5 Path integration results

Figure 9 illustrate the path integration result in the synthetic environment (floor textured
with newspaper) when moving along a square and a circle at a slow (<0.02m/s, 8-10°/s)
and higher speed. Camera parameters are h=9.5cm, o = 45°. Dashed lines indicate the
reference trajectory. The distance is well approximated from the optic flow, but inac-
curacies in the estimation of the angle, especially with the higher speed, evidence the
“closing of the loop” problem: the trajectory estimated from the optical flow ends away
from the starting position, although the start end end point match in the reference tra-
jectory. Figure 10 illustrates a more complex trajectory: a 1/80th scale of our laboratory
building®.
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Fig. 9. Path integration while moving along a circle (left) and a square (right). Slow and fast refers
to the motion speed. Corrected paths use the closing of the loop.

Tests were performed by wearing the camera on the chest (height 145cm, angle of
approximately 48°). Figure 11 illustrates the real and estimated speed profile with a
user walking straight on 5.5m on a concrete floor (fig. 4 left). The estimated travelled
distance is 5.17 meters (relative error of 6%). The instantaneous speed measured by the
optical flow reveals the periodicity of the footsteps. Speed under- or over-estimation
depends mostly on the camera angle, which may be caused by the user bending. Figure
12 illustrates the trajectory of a user walking along a square of 10m sides (concrete
floor). The estimated travelled distance was 43.4 meters whereas the real distance was
38.8 meters (slightly below 40m because of the rounding of the corners), correspond-
ing to a relative error of 12%. This error is higher than in the straight walk, and may
be caused by the inaccuracies introduced by the rotation. The rotations are however
strongly underestimated. This is explained by the high speed at which humans rotate

® Tests in the real building were not successful: no reliable motion vectors could be extracted
due to the highly uniform texture of the carpet. A scaled synthetic environment was used insted
with floor textured with newspaper.
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Fig. 11. Estimated speed of a user with a chest-worn camera walking straight for 5.5m. Dashed
lines indicate the average and standard deviation of the relative speed error.

while walking (30 °/s to 90 °/s) which far higher than what the current system can
handle as characterized before.

6 Closing the loop

When a user’s start and end point of a trajectory coincide, the errors accumulated
by dead-reckoning lead to the “loop closing” problem: the end point mapped from
dead-reckoning is likely not to correspond with the start point. This problem may be
addressed by recognizing locations previously visited and correcting the previously
mapped trajectory in order to “close the loop” by matching the two visited locations.
In other words, we use the knowledge that two visited locations are identical to correct
a-posteriory the drift resulting from the integration of the optical flow.
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Fig. 13. Signal propagation.

Path integration errors may stem from errors in the estimation of the motion vector
magnitude or orientation. Here we consider only the orientation that is the main source
of errors’. We close the loop by iteratively increasing the angle difference AngleDif f
between successive motion vectors until the path is closed using a “corrected” angle
difference of the form AngleCorr = f(AngleDif f). Here faster rotations are un-
derestimated more than slow ones. We tested linear, power and exponential correction
functions and found the best function to be exponential: A - (eAn9!ePiffB _ 1) with
0.06 < A <0.5and 0.5 < B < 1.5 found by testing. A search algorithm finds the
correction parameters that minimize the distance between two identified points of the
trajectory through exhaustive search in the parameter space.

7 We assume that the magnitude and orientation of motion vectors is under- or over-estimated
in a systematic way. Previous results show that the errors in the estimation of the angular
rotation dominate over the errors in the estimation of the the translation distance. For this
reason we correct here only the orientation of the motion vectors with a forumla that attempts
to compensate for the under- or over-estimation of the angular rotation. This approach benefits
any type of trajectory and not only circular or rectangular path.



Figure 9 illustrates the correction functions when the camera moves along a circle
and a square (same conditions as in section 5). Figures 12 and 10 use the exponen-
tial correction and illustrate the improved dead-reckoning with the closing of the loop
algorithm.

In order to recognize previously visited locations, characteristic landmarks must
be identified and compared against previously memorized ones (e.g. visual landmarks
[26]). We show preliminary results in simulation were the “wireless signature” (sig-
nal strength of nearby WiFi stations) is used for this purpose®. We simulate the signal
propagation of the 5 WiFi stations of the building where the trajectory of fig. 10 would
take place using the Radio Propagation Simulator of Radioplan®. We record the signal
intensities on the whole floor with a grid spacing of 0.25m and on the 617 points of
the trajectory where at least two WiFi station were in range. The signature matching
achieves a < hm average localization accuracy in this simulation (nearest match). This
accuracy indicates how close the start and end point of a loop must be for them to be
matched. In the trajectory of fig. 10, we compared the 20 first meters of the trajectory
with the 20 last meters of the trajectory, and found that the two points marked by the
cross are the closest (0.65m) and should trigger the closing of the loop as illustrated.

7 Discussion

Alternative dead-reckoning methods mostly rely on step count integration, using ac-
celerometers and compass [11-13]. In the experiments carried out here the system
measured the travelled distance with an accuracy between 6% to 12% depending on
the path. This compares well to the accuracies reported in [12], which vary between
1.3% and 29% depending on the body location of the system. Step count integration
requires to know the length of the step (a-priori definition or inferred from the accelera-
tion signal). Here we do not require this knowledge since the optical flow is considered;
as such gait dynamics has in principle no influence on the performance of the system,
which would work even if the user were on a bike or scooter.

A benefit of this vision-based approach is that a single camera sensor is needed,
which may also be used for other wearable computing activities such as taking pictures
or vision-based HCL. In particular in [27] a chest-mounted “FingerMouse” camera sys-
tem was investigated which captures hand motion as an input for wearable computers.

8 Visual landmarks would make the best use of the available camera. Recognizing visual land-
marks is challenging and computationally intensive. Instead we use simpler wireless signa-
tures. Our objective is to assess the implications of “closing the loop”. The exact way in which
previously visited locations is determined does not affect the algorithm correcting the trajec-
tory nor the results. This approach to the use of wireless signatures is similar to [8,9]. In
these work the wireless signature is used for accurate localization, by relying on a previously
learned “wireless map” of the environment that indicates typical wireless signatures at each
position. Here we avoid this wireless map measured a-priori. We simply reference current
wireless signatures to past ones, without mapping them to absolute positions. Therefore no
a-priori knowledge of the environment is needed.

® http://www.radioplan.com. We used the free version which simulates a limited number of re-
flections and penetrations.



Further work may combine HCI and localization in a single chest-mounted camera sys-
tem.

In this method we evidenced several trade-offs between parameters (camera place-
ment, image parameters, motion) and system performance. In theory the system is not
sensitive to floor type or color as long as contrast is perceived. In practice the spatial
frequency of the floor is linked to the resolving power of the camera. Performance de-
grades at higher rotation/translation speeds. This is caused by the assumption of small
displacement of the differential technique that is not verified at higher speeds. This
assumption is also linked to the spatial frequency of the textures [24]. This can be com-
pensated by increasing the framerate (results not presented here confirm this) or placing
the camera higher. A larger ground area is projected in the image frame with a higher
camera, which allows for faster motion (reduction in the spatial frequency of the tex-
tures and thus the small displacement condition is valid for higher speed). A too high
height leads to difficulties in obtaining the motion vectors (e.g. blurred images due to
the fixed focal length, or uniform texture such as carpet which mostly contains high
spatial frequency textures). This may be compensated by a higher frame resolution.

Alternatively another algorithm to obtain the optical flow may be used, such as
looking for features in successive frames. Block-matching as used in MPEG video en-
coding may be used for this purpose. By adjusting the block search neighborhood, the
small displacement constraint may be alleviated and the system may operate at faster
speeds. The computational requirements of block-matching are higher than those of the
differential method, but optimized instruction sets (e.g. MMX) allow to compute these
operations in real-time on any 1+GHz computer.

Other sources of errors stem from the hypotheses of our approach: the camera pa-
rameters (angle, height) are known, and the camera motion is only a combination of
forward motion and rotation. Errors are introduced when these are not verified. Changes
in camera height and angle lead to an over- or under-estimation of the speed, with the
camera angle being the most important parameter. Uneven floor or tilted floor as well
as body motion (leaning forward/backward) are similar to a change in camera angle.
Torso rotation (e.g. looking sideways while walking) or bending sideways affect the
system since they introduce optical flows that are not expected. The footsteps are easily
distinguished from the instantaneous speed estimate (fig. 11) but are not a source of
error since they are averaged over time. Interestingly this may lead to a visual approach
to count the footsteps. Further improvement may be obtained by optimizing the mathe-
matical compensation method for a particular camera angle or surface structure, at the
loss generality. Alternatively image processing may detect typical surfaces to optimize
the compensation parameters.

The system may be improved with additional sensors. A sensor giving the cam-
era angle (e.g. accelerometer) may allow to take into consideration the instantaneous
camera angle while integrating the path. A compass may allow to improve the rotation
estimation accuracy from the optical flow. The floor geometry is important, yet recent
findings suggest this approach may work even in extreme terrains [28]. Finally, a more
complex model may allow to reconstruct the full 6D egomotion from optical flow [29,
18,25]. In principle optical flow may thus be used in a wearable setting without con-



straint on the user motion, however it remains to be investigated what would be the
tradeoffs of such algorithms.

Dead-reckoning runs in real-time at 160x120, 30fps on a 1.6GHz Intel Centrino
CPU without any implementation optimization: all the compuation is done in floating
point without use of vectorial instructions. Fixed-point optimization and use of vec-
torial instructions is liekly to allow a speedup of more than one order of magnitude
and therefore allow higher resolution. A hardware optical flow implementation may
also be investigated. Low-power analog VLSI chips directly give the optical flow at a
high frame rate [30, 31]. Digital hardware implementations of block matching may also
allow low-power and high-speed processing (e.g. in [27] the authors present a block-
matching approach to stereovision for HCI; the same block matching structure may be
used to compute the optical flow).

We presented a method of opportunistic use of wireless signature to compensate for
the errors accumulated by dead-reckoning in simulation. Future work will have to test
this in reality. There are however a number of results suggesting that this approach may
be applicable [8, 9].

In summary, the system introduced here requires sufficient floor texture and contrast
to operate. This precludes the use of such approach on uniform surfaces (depending on
camera resolution), or in low lighting conditions (e.g. night). With the current egomo-
tion model, the system performs best when the user is walking straight and performing
rotations without significant sideways bending. Closing of the loop needs sufficiently
distinct wireless signatures in the environment and is expected to work best in environ-
ments with dense mesh of wifi stations. With a low density of wifi stations the wireless
signatures become less accurate (e.g. with a single isotropic wifi station the same sig-
nature is sensed at identical distance from the station regardless of the bearing).

8 Conclusion

The objective of this paper was to investigate how vision-based dead-reckoning meth-
ods may be applied in wearable computing. We were appealed by the fact that a single
miniature and low-power camera may be used for this purpose. We introduced, charac-
terized and tested a method for dead-reckoning based on the integration of the optical
flow obtained from an inexpensive chest-mounted camera. Results show that the dis-
tances estimated from the optical flow are accurate for a walking subject (6-12% relative
error) and comparable to methods integrating steps. The rotation tends to be underesti-
mated due to the high angular speed at which users turn in relation to the framerate (30
fps). This calls for higher framerates in order to improve rotation estimation accuracy.
We proposed a method to improve the path integration accuracy by opportunistically
using wireless signatures to detect already visited location. The integrated path is cor-
rected at this moment by “closing the loop” so that the visited locations match. We
showed that the accuracy of the trajectory mapping was greatly enhanced in this way.
A localization method for wearable computing needs to be “mapless” so that it can be
used in any environment. This vision-based dead-reckoning method combined with the
opportunistic use of wireless signatures does not require any a-priori map or knowledge
about the environment. It thus satisfies this requirement and can be used anywhere.
The application in wearable computing is complex due to the free motion of the
user and the unconstrained nature of the environment in which he may walk in. Our re-



sults are preliminary: further tests in realistic scenarios are needed, and we do not claim
to a final vision-based dead-reckoning solution. Still, our results allow us to evidence
a number of challenges, limitations and trade-offs which may shape future work. We
highlighted the links between system accuracy, camera and environment parameters,
and the user motions. Higher frame rates and higher camera resolutions improve the
system accuracy, but improved characterization, improved optical flow models, as well
as additional sensors may also improve the performance. We believe that there is more
to this approach than what was presented here, as is also suggested by the numerous
litterature describing the use of optical flow in mobile robotics. Our results evidence
topics for further research. Technical improvements such as the use of higher reso-
lution camera, higher framerate, and autofocus, may improve the system accuracy. A
motion model with additional degrees of freedom may allow to better cope with mo-
tions typical of wearable setting. Comparative analysis may evidence more accurate
or computationally-efficient methods to derive optical flow. Finally, we believe sensor
fusion may best address the shortcomings of the current approach by using additional
modalities. For instance the use of magnetometers to improve estimation of rotations
may be investigated, as well as the use of accelerometers or inclinometers to take into
account the camera angle in the optical flow model.
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