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Abstract—Camera pose estimation (i.e. determining the po- the cameras and the markers (also known as landmarks or
sition and orientation of a camera) found its applications, fiducials) are used as either @utside-in systems where a
traditionally, in the field of virtual/augmented reality, gaming set of cameras are placed at static points in the environment

and robotics. In this paper we propose an inside-out systemhat . - -y . o
uses LED sightings gathered from wireless sensor nodes (WSN to monitor objects within that environment, or (Inside-out

to estimate the pose of the camera. The LEDs act as (visual) SyStems- where one or multiple cameras carried by an object
markers for our pose estimation algorithm, which is based on can determine its position and orientation in relation teet s
Extended Kalman filtering (EKF). We compare the performance of static markers placed in the environment.

of our EKF algorithm against an algorithm based on Discrete In this paper we explore the feasibility of using vision in

Linear Transform (DLT). We also consider the effectiveness . S .
of the presented algorithm for different camera frame rates combination withwireless sensor network8VSNs); two tech-

varying noise levels and varying LED visibility conditions using nologies .that were previogsly con_sidered incompatibleabqe .
a mix of simulated and experimental data. Our initial results are  of the high costs associated with cameras and the limited

promising and show that the EKF algorithm gives an accuracy resources provided by typical WSN platforms. The range of
of a few millimetres in position and few degrees in orientabn, — 5phjications opened by this combination is impressive. Two
even under sparse LED conditions, low frame rates and high . . .
noise levels. examples, situated at the opposite sides of the spectrum of
possibilities are:(i) Pose estimation of UAVs there is a
. INTRODUCTION growing interest in flying unmanned aerial vehicles (UAVS)

Pose estimatior(i.e., determining the position and Orien_|ndoors for applications such as building surveillance and

tation of an object) found its application, traditionallp disaster/rescue support by utilising flying objects [6].eTh

i . . . information about the pose of the camera-equipped device
virtual/augmented reality, gaming and robotics. There are ; o : o :
n be used in stabilising the UAV or in estimating relative

many approaches and technologies to detect and track 1e nces and angles between UAVs diiiMapping radio

pose of an object. For example, mechanical, magneticjahert~ ™. . : . Co
- X . . LI environments- using a single sensor node with pose estimation
vision, and hybrid solutions exist, each having its pros an

cons [18]. Although vision-only solutions offer an unols capabilities allows easy and precise fingerprinting of tiumwor

way of tracking an object (without tagging them), it is Oftergadlo environment [9]. Fast measurement of the radiatidn pa

. o . tern of a node when a particular type of antenna is being used,
considered expensive in terms of processing cost. However

with the increased availability of small-sized camerashwi or a specific casing, ora specific orientation in placemdat, e
becomes feasible.

embedded digital signal processors (DSPs), the range of ap;, S ) .

oo ) . . .= We propose an inside-out system that, for the first time,
plications where cameras are being used is becoming signifi- . .

g ; B makes use of LED sightings gathered from wireless sensor
cantly larger. An example of this is the Nintendo’s Wii remot ; ) .
. . T L . nodes to estimate the pose of the camera. Incorporatinglvisu

which revolutionised the gaming industry with its innovati . .
. ) markers in the system enforces point correspondences, and
interaction technology [10] [14].

. . . reduces the processing effort and is thus useful when cadpar
Vision-based tracking systems process image streams from .

: 0 computer vision-only counterparts. Although there ama<
cameras to locate or track people and objects. One of the

S S N . - . mercially available optical tracking systems that utillSED
limitations of vision-based tracking is the inability tosg Y P 9 sy

detect the tracked object's identity. It also has a highrr}arkers [17], the synchronisation infrastructure (be

: . : . ED markers and the cameras) can be very expensive, whereas
processing cost as detection and tracking algorithms tend .
be more complex, due to difficulty in achieving a robusV[ve offer a low-cost solution.
piex, y 9 The contributions of this paper are outlined as follows:

detection. Alternatively, fiducial marker-based systeme a S S
. . . . We propose an inside-out system that uses LED sightings
available. Markers associated with objects make the task of . " .
gathered from sensor nodes fixed at known positions in

finding and distinguishing objects easier, especially witen . . .
I L S the environment (acting as markers) to estimate the pose
markers are encoded with identification information in some of the camera

way. Most of the marker-based systems differ in the Way . we develop an algorithm for pose estimation based on

¥This work is part of the LoCare project (KWR09128) and is sdibsd extended Kalman f”te”ng' .
by the Dutch Ministry of Economic Affairs. « We compare the performance against a reference algo-



rithm based on Discrete Linear Transformation (DLT). One example of a camera tracking system developed in the
We also consider the effectiveness of the presented abntext of ubiquitous computing is the Pfinder system [109]. |
gorithm for different camera frame rates, measurememses 2D-models applied to images taken by fixed cameras to
noise and under different LED visibility conditions usingkeep track of the movements of a user. Another system using
a mix of experimental and simulated data. stereo vision cameras is Easy Living [11]. One limitation of
both these systems, and of vision-based tracking in gernisral
the inability to easily detect the identity of the trackedeats.
Many approaches have been developed for tracking the p&d&sion-based tracking requires more processing powergas d
of an object both within augmented reality and ubiquitougction and tracking algorithms tend to grow in complexited
computing (including WSN) communities. In this section, wéo the requirement of achieving a robust detection. Matiss-
summarise the most relevant work in the context of this papepproaches (using natural appearance such as colouneextu
describing vision-based systems with and without marlk&rs. or features) are also being used in vision-based trackingy T
other approaches (i.e., inertial, ultrasound, etc.), Werrthe however, require an off-line training phase and processirsj
reader to [1] [13]. is generally high. For a detailed survey of 3D-model based
Vision-based tracking systems process images from camedasection and tracking refer to [12].
to locate or track people and objects. Several trackingesyst ~ As previously mentioned, fiducial marker-based systems
have already been developed for augmented reality andavirtare a valid alternative to the already presented systems.
gaming kind of applications. A real-time 3D tracker for uséarkers associated with objects make the task of finding
with head-mounted displays is described by Ward et al. [15nd distinguishing objects easier, especially when thekenar
Three cameras, mounted on a helmet worn by the user, viave encoded with identification information in some way.
an array of infrared-emitting LEDs fixed to the ceiling. ATypically, fiducial markers are printed planar patterns{&ir
tracking controller individually illuminates the LEDs imrin.  to barcodes) that a vision-only system can easily detextktr
By determining which LEDs are actually seen by whicland decode. An example in this category is TRIP (Target
camera, the helmet can be tracked with a resolution of arouRdcognition using Image Processing) [5]. Users wear passiv
2 mm in position and 0.1 degree in orientation. However, thags displaying 2D circular bar codes. Cameras in each room
camera arrangement is bulky and is tethered to a contral uriapture images that are analysed to identify tag wearers in
and a very large number of LEDs must be accurately placétk field of view. ReacTIVision [2] is another fiducial marker
on the ceiling rendering the system of little practical use. based system used in many tangible interface applications.
Gottschalk et al. proposed and implemented an auto-In the pose estimation method that we have developed, we
calibration method [7] using rough LED location estimatesiave chosen an inside-out configuration. On the whole, there
and thousands of observations from unknown locations. Thee two crucial differences between our approach and that
system estimates the position at each test location, and @l prior work on pose estimation. First, we utilise LEDs on
culates back the estimates of the LED positions. These tthe wireless sensor nodes for pose-estimation purposéss LE
steps are repeated until the position estimates converglehW have been used in sensor nodes mostly for visual inspection
and Bishop [17] describe the complete HiBall tracking syste and debugging purposes, and we are extending their usage
including novel optical, mechanical, electrical, and aitjonic to pose estimation. Secondly, we use the radio transceiver
aspects that enable the system to generate over 2000 headihe nodes to transmit their identifiers, thus even further
pose estimates per second with less than one millisecarducing the processing cost compared to fiducial-basamhvis
of latency, and less than 0.5 millimetres and 0.02 degresgstems. Although there are commercially available optica
of position and orientation error. The HiBall system usesacking systems that utilise LED markers, the synchrditina
Kalman filters to accomplish on-line auto-calibrationpaling infrastructure between the markers and the cameras can be
the system to continually update the LED location estimatesohibitively expensive, especially when the system meales
during normal operation. The HiBall tracking system is mucto larger tracking areas, where as we offer a low-cost smiuti
of an inspiration to our work in terms of the inside-out desigusing WSNs.
using fixed LEDs in the infrastructure and capturing the LED
sightings to infer the camera’s pose.
Recent work of Hay et al. [8] provides a low-cost alternative Our tracking system consists of an outward lookoagnera
to optical tracking using commodity hardware such as Wiitnit (CCD camera) whose pose is to be estimated and a set
motes to determine the pose of an object to an accuracy thabfisstatic LED markersThe camera unit observes static LED
comparable to conventional high-cost systems. Howeveir, thmarkers. The camera can in principle be fixed to each object
system is an outside-in system and uses stereo vision-bagette tracked (e.g., micro aerial vehicle, UAV or a person).
methods for pose estimation. Using a commercial platforfrhe communication and synchronisatibbetween the markers
such as Wiimote is attractive as it is cheap, offers high tepdas coordinated by the WSN.
rate and runs the image processing in an embedded DSP. Omhe basic working principle is illustrated in Figure 1. The
the down side, the Wiimote can track only up to four infraredamera unit observes a set of LEDs that are sequentially
light sources and does not offer access to the raw image. flashed (one-at-a-time). We flash the LEDs one-at-a-time as

Il. RELATED WORK

Il. SYSTEM OVERVIEW AND DESIGN CHOICES
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points [z, y, z]. Given the intrinsic camera parameters (from

the calibration toolbox, refer Sect. IV-B), the locationthe reduce the processing cost. However, one has to consider

LED markers and their corresponding pixel coordindtes] that the data rate of transmitting node IDs is directly edat

the camera’s pose can be computed. The hardware platfdamthe camera’s frame rate. In our work we assume that

used for this work is described in Section VI. nodes transmit their identities. Alternative scheme on how
Figure 2 illustrates how the distortion is corrected in thtsansmit and retrieve node identities is discussed in L& [1

captured image before being used for pose estimation. Wemparing our approach with the fiducial marker approach,

found that it works best to first locate the LEDs in the distdrt fiducial-based schemes can still be expensive in terms of

image and then to undistort (or correct) these points. THisocessing. In our approach, we focus only on identifying

also saves the computational load of undistorting the cetaplthe brightest pixel in the whole image and do the processing

image. We used the camera calibration toolbox [3] for findinground it. Making use of radio communication also aids point

the distortion parameters. correspondence (matching the intensity of the LED in pixel

in view with the node that emitted it) and extracting timing

) _ ) ) _ information (when a particular node is blinking). In theute

In this subsection we describe three important choices R plan to control the blinking sequence of the nodes that

have taken when designing our system. are in the field of view of the camera similar to the approach
i) Inside-out configurationBy placing the cameras on thepresented in Welch [17].

user rather than in the environment, our system can be scaleg, his work. the WSN triggers the camera to capture

indefinitely. The system can evolve from using dense LE[R. image when the LED is flashed, because the WSN
mz_zl_rkers t? fewer. ) . runs a TDMA-based MAC layer that does not allow for
ii) Imaging sensorThere are a number of options availablg,arnal synchronisation. Alternatively, one can use came
when looking for imaging sensors. CMOS/CCD cameras &g, trigger modes, or create a system in which the camera
cheap but operate at a low frame rate and requiré expgfygers the wireless sensor nodes to blink for instancegus
sive pixel processind.ateral effect position sensitive device$, master node connected to the camera unit. However, having
(LEPDs) are Expensive, but offerah|ghfram_e rate. They_wome network trigger the image capture has the additional
on the principle that they deliver the centroid of the inaitle 54, antage of being able to use multiple cameras. Although an
light [17]. Another cheap, commercially available, imagin;neresting option, so far we have not studied the possibili

sensor that has attracted attention is the Wiimote, whids rug,, asynchronous operation between the camera and the WSN.
all the image processing in an embedded DSP. It has already

been used for outside-in designs [8] [10]. As reported earli IV. LED DETECTION AND CAMERA CALIBRATION

the Wiimote has the limitation of traCking Only four blobs of LED detection and camera calibration are the two main

infrared light and does not report the raw image. Because §filding blocks of our system. This section presents them in

this reason, we opted to use a hormal CCD camera, as it giveSail.

the flexibility to perform camera calibration, helps in rgbu .

LED detection and supports a larger number of markers ¢ LED detection

pose estimation. The LED detection mechanism operates on the raw distorted
iii) Radio-controlled LEDs as markerdlfe are particularly image. The image coordinatés, v] of the brightest pixel in

interested in using the LEDs already present on the WSNe image are considered as a first estimate for the pixeticoor

nodes as markers in our approach. We believe that using radaies of the LED. This first estimate is improved by a subdpixe

for transmitting the identifiers of the nodes can signifigantanalysis phase. This is done by taking a weighted average of

A. Design Choices



the pixel locations arounfk, v]. The weights themselves areAfter reorthogonalisation and converting the rotation nmat

just intensities of the pixels minus some dynamic thresholdto Euler angles new errors are introduced. Hence, the camera
Let Z(u,v) be the image patch around tHe,v]. The parameters estimated by this method should be refined by

dynamic threshold is the mean value of the pixel intensitié®rative optimisation of the non-linear reprojection carr

plus a static threshold. Several methods for performing this iterative optimisatave

. discussed in [12].

weight(u, v) = Z(u, v) = (up +7) @) Wwe use the Levenberg-Marquardt (LM) method to further

whereup is the mean intensity of all the pixels in the patcﬁefine the initial guess based on the DLT algorithm. We use thi
andr is the static threshold. We found that an image patch @mbination of DLT- and LM-based methods as our reference
size7 and a static threshold &0 performs well. algorithm RefA).

After finding thez = [u, v] coordinates of the LED in the B, Extended Kalman Filtering (EKF)
image plane, undistortion is applied using the parameters o

We use a form of Bayesian estimation — Extended Kalman
the camera model.

Filtering — to estimate the pose of the camera. We maintain

B. Camera model and calibration the camera’s position, orientation and their derivatives a

In this work we use a standard pin-hole camera model. THe state vector. The complete state is then represented by
3D coordinates of a LED (sensor node) is definedtag, z]7 s = [2,4,2,2,9,%,0,6,¢,0,¢,¢] = [x,v,a,w]. Actually,
and the corresponding projection on the camera image pldfgtead of storing the Euler angles(i.e., the orientation of
z is [u,v]”. These are related byz = PX, where the tilde the camera) we store the rotation matf, that represents
on the vectors indicate they are in homogeneous coordinai®és angle. In the prediction phase of the filter we incorpera
s is a scale factor and is a 3x4 projection matrix defined the knowledge of the system model and in the measurement
up to scale. The projection matri is the composition of the Phase, we incorporate the pixel coordinates of the detected
camera intrinsic matrixs and the extrinsic parameter matrix-EDs in the image plane.
[R t]. The latter transforms points from the world coordinate @) Initialisation: The filter is initialised with a state
system to the camera coordinate systéhis a rotation matrix €stimates and uncertainty or error covarianée We set the

andt is a translation vector. initial state to the ground truth value from the experiménta
set-up and added some noise to this value. This is to mimic an
P=KI[R t] (2) initial state estimate that would be obtained from a prattic

implementation, based on DLT for example.
b) System model:We use a constant-velocity and
constant-angular-velocity model. (i.e., the camera maates

the parameters that describe the distortion, not the Lortits constant speed and rotates at a constant speed between time

We use an iterative algorithm, similar to the undistortidn o>©€PS)- NOt? that thedtrlue mﬁbn(;t_y of the ;:arr]neralwc_)latﬁ th
points in OpenCV, to undistort the individual points foungonstant velocity model, as the direction of the velocitgtoe

by the LED detection. The undistorted locations of the LEpRPNtinuously changes. Th_is reflects reali_ty, for which weuldo
in the captured image are the input to our pose estimatiBAt have a perfect matching model available and accounts for
algorithms. the process noise in the Kalman filter.

c) Measurement modelfhe measurement model is used
V. OVERVIEW OF POSEESTIMATION ALGORITHMS to predict the ideal noise-free response for each of the KED’

Pose estimation involves calculating the rotation maftix 3D Position projection in the image plane given the filters

and translation vectot (i.e the extrinsic parameters of theCurrent estimate of the state (camera pose). In order tagpred
camera), given the camera intrinsic matfi the locations of the measurement, we will have to describe how measurements

the LED markers, and the measured pixel coordinates of At related to the state. The measurement model is:
sighted LEDs together with their identities. In this seoctioe Z; = hi(%,&) 3)
first present a reference algorithm and subsequently presen
our algorithm based on Kalman filtering. whereh() is the composition of two functions. The first one
. is the projection of the 3D location of LED markerby

A. DLT-based algorithmRefAl) the projection matrixP in Equation 2.P is parameterised

Many works within the computer-vision community haven location and angle elements of the state vector, that is,
used Direct Linear Transform (DLT) method [12]. DLT isP = P(x,«). The second function in the composition of
used to estimate the projection matdx by solving a linear h() is the conversion of the resulting vector in homogeneous
system of equations. However, DLT provides a homographgpresentation to normal representation. It is this sequart
that minimises the algebraic transfer error, which in ouhat makes the measurement function non-linear and mesivat
case, is equivalent to the geometric error. Instead of fopdins to use an extended Kalman filter.
P=K [R t} it finds a homography?’ such thatk —!' P’ In case the camera detects multiple LEDs, the set of mea-
yields a matrix whose first part igot a rotation matrix. sured pixel locationg; is stacked into one large measurement

We use the camera calibration method described in [3]
simultaneously estimate the intrinsic parameters andehs |
distortion parameters. Basically, the OpenCYV library [eg



z. For n simultaneously detected LEDs, the dimensionzof Based on the measurement noise the filter can either weight
is 2n. Using such a single measurement at a time is knowmeasurements more or its predictions. The final step is the
as thesingle-constraint-at-a-timgsCAAT) approach [16]. The filter update to correct the state estimate per most recent
attractive aspect is that the filter also works for so calledar measurement and to update the error covariance.
constrained measurement, in our case with less than fousLED
at a time. Results on varying number of LEDs are reported in $(t) = $ + KAz 12
Section VII.

d) Prediction and Correction:We use the Kalman pre- P@t)=({I-KH)P

diction equations at each time-step: VI. HARDWARE PLATFORM AND EXPERIMENTAL SET-UP

§” = A(AL)s(t — At) (4) We evaluate the EKF algorithm presented in Section V-B
using multiple sets of data gathered from small-scale éxper
ents. In this section, we give a brief overview of the camera
I sensing platform that we have used for our work, and
subsequently, we explain our experimental set-up used for

P~ = A(A)P(t — At) AT (AL) + Q(AL) (5) performing data collection.
éA. Camera and WSN platform

Where A(At) is the state transition matrix that projects th
state forward at each time step. The predicted covariancea
given by:

where@ is the12 x 12 process noise covariance matrix. Th

structure of@ is in accordance with [4]. The camera is a Firé¥! Digital Board Camera. It is a 1/4”
CCD camera with a resolution up to 640480 pixels and a
Qxx Qxv 0 0 frame rate up to 30 Hz. It has a focal length of 2.1 mm and
Q= Qxv Qv 0 0 ©6) a horizontal viewing angle of 80.85 degrees.
0 0 Qaa Qow The wireless sensor nodes are of type MyriaNode V3, they
0 0 Qow Quw are based on an Atmel XMega micro controller, a Nordic

where we assumed that the location and velocity noise aﬂBFMLm radio, and contain by default a number (_)f LED_S
independent of the angular and angular-velocity noise. THEthe visible spectrum. We use the MynaNo_des with their
non-zero3 x 3 submatricesQ;; in (6) are of the form standard gMAC (TDMA-based) MAC-layer. This MAC layer

ci; At I35 5. This implies that we assume the process noigé’es not allgvv_ the netvyork to be triggered by an ext(_arnal
in the three elements of each subvector (se.y, @, andw) resource. This is the main reason why we let the WSN trigger

independent. The values;; are set in accordance with [16]the network.
and thec;; are found empirically to work well on both theB. Experimental set-up

experimental and synthetic data sets. In our set-up we use a single camera, eight fixed sensor
Osxx =1/3- AT Qua =1073/3- AT (7) nodes serving as radio-controlled markers, and one sensor
_10°/2. AT 10-3/9. AT 8 node to interface the network to the PC. We performed an
Qxv =10°/2 - At Qaw =107"/2- At (8) experiment to estimate a circular trajectory of the cansera’
Quvv =10° - AtI Quw =107% - AtI (9) position together with the orientation of the camera. ladte
We compute the Kalman gain to determine the propg}c physmqlly moving the camera around the marker.s we
L ) . X ) émulate this movement by letting the markers rotate white th
weighting of the measurement innovation or residuals: I . -
camera is fixed. There are two reasons for doing this: (1) the
Az — 7 — 7 (10) experiment is easy to conduct, leading to greater grourtt tru
R o accuracy and (2) the effect of changing lighting condititms
Here z represents the measurement prediction ameép- reduced. In a real scenario LED sightings might be missed,
resents the actual set of (noisfy),v] coordinates of each pyt for the purpose of our experiment we like to collect a

observed LED in the image plane of the camera. complete data set.

~ The Kalman gaink" (not to be confused with the camera The sensor nodes run software that let the LEDs blink in

intrinsic matrix) is derived by: sequence; at any point in time at most one LED is flashed.
K =P HT(HP HT + R)™! (11) We construct a dense data set by freezing the camera until all

eight LED sightings have been captured. For our evaluation
Here R is the measurement error covariance matrix &hés this set of sightings is considered a single measurement. By
the Jacobian of the measurement functig at points. randomly selecting a subset of these eight LEDs per pose we
With n LEDs detectedR is a 2n x 2n matrix. We model can evaluate the performance of our algorithms as function o
the errors in the pixel coordinates as independent zeraxméhe number of LEDs simultaneously seen by the camera. This
normally-distributed random variables. The standardatewi is reported in Section VII.
o is set to1 pixel for all our experiments but one. In the The experimental set-up for the circular test is shown in
experiment with varying pixel noise we vary in the range Figure 3. It shows the rotating plate of a turn table (the turn
from % pixel to 4 pixels. R is set too?] (see Section VII). table itself is not depicted). On top of this plate is a square



TABLE I: Values for the fixed parameters in the experiments.

parameter value
number of LED markers EKF 1
number of LED markers RefAl | 4
standard deviation of pixel noise 1 pixel
frame rate 90 fps (frames per second)
rotation speed of camera /2 radls

The systematic errors are assumed from the initial camera
pose and the actual centre of rotation. We use the static
Fig. 3: Experimental set-up used for data collection. algorithm to eliminate these errors. The ground truth gatoer
is parameterised in eight parameters; six parameters ¢ffiaed

fixture that holds eight radio-controlled markers; theaagles the initial camera pose and two parametersy’] that define
are the sensor nodes and the small squares on the sensor nfegictual centre of rotation of the camera. We use the
are the LEDs. The dimensions of this set-up is given in thé&venberg-Marquardt method to find the eight ground truth
next subsection. parameters that minimises an error veeigr. The vectorey,

The turn table is rotated manually, indicated by the arrol§ @ 1080-element vector that contains all the errors inathe
next to the turn table. This emulates the rotation of the came/: andz directions for all the360 camera poses.
around the markers. To support the manual rotation we havel he ground truth values for our experiment ey, =] =
put a 1 degree angular scale on the rotating plane. We clyrefdi 10.3, —230.3,161.3] mm, [0, ¢,¢] = [0.82,1.44, —101.79]
rotated the ground plate; one degree at a time. For eaclorotafiegree, andz’, y'] = [126.1,129.4] mm.
we captured eight images; one for each LED sighting. The one VIl. EVALUATION
degree measurements are done for one revolution of the turn
table, that is, we collected eight LED sightings for 360 ceane !
poses.

n this section we evaluate our EKF’s performance using a
mix of experimental and simulated data. The metrics used are
position error, the length of the vector from the estimated lo-
C. Ground Truth cation to the true location; arahgular error, the magnitude of
To allow for a quantitative evaluation of our algorithmghe angle of the single rotation from the estimated oriéonat
we require precise ground truth — the exact location and the true orientation.
orientation (in the order of 1 mm and 0.1 degree, respeglivel The experiments are done by sweeping over one parameter
— of the camera. Using other vision-based systems suchaasl fixing all the others. The fixed parameters always have the
reacTIVision [2] is possible, however the error would be isame values in all the experiments and are shown in Table I.
the similar order of magnitude as our system. To avoid convergence effects ending up in the plots for the
Based on the knowledge we have about our experiment aBKF, the algorithm is run for two revolutions and only thealat
the reference algorithm (RefAl) our approach is to use tle spertaining to the second revolution is used for the analysis
up itself as the ground truth. Our approach relies on a numlsxception is the experiment with the varying frame ratesreh
of assumption: (i) the rotating plate of the turn table re¢aih  an integral number of revolutions is taken such that thersgco
a perfect plane (ii) manual rotation of the plate can be doti# the last revolution in total have at least 360 data psint
accurate enough with zero mean random error (iii) the amgula 1) Effect of number of LEDs. Figure 4 shows the per-
velocity of the plate (or the camera around the plate) is knoviormance of EKF for different number of markers used. The
(iv) the configuration of the LEDs in known accurately (vperformance of EKF is comparable to the results of RefAl
systematic errors originate from the initial camera posé amwhen all the eight markers are used. As one might expect, the
centre of rotation accuracy decreases with reduced number of markers. Cgntrar
The angular velocity in known by construction. Whero the minimum amount of markers that is required to compute
we turn the table from one rotation to the next, we assignpose using the RefAl, EKF is able to estimate the pose even
logical time stamps to the measurements we take. We takben the measurements are under-constrained. This isseecau
the difference of time stampsg¢, between two consecutivethe EKF algorithm uses the predicted estimate to compute the
rotations constant. This models a rotating camera withtems pose of the camera. The dashed lines in the figure show how
angular velocity. We definedt for the experiment to b&/90s. the RefAl performs for different number of markers. Simiiar
This basically models the angle of the camera as function BKF’s performance that of RefAl also degrades as the number
time, a(t) = ap + wt. of measurements are reduced.
The LED configuration is set up carefully. For this work, 2) Effect of camera frame rates. To quantify the effect of
we used a mechanical fixture (Ledbbricks and plates) with different camera frame rates we used synthetic datasetss Fi
known and accurate dimensions. This fixture holds the eigéttows the performance of the algorithm for frame rates in the
nodes in a planar4 = 0) configuration. First each node isset{30,90, 300,900} fps. As one would expect, the higher the
packaged in an identical housing build from Lego bricksnthecamera frame rate, the better is the accuracy. This is becaus
these housings are fixed on a ground plate. with increased frame rates the accuracy of the EKF predictio
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Fig. 4. EKF error distribution for different number of LEDsFig. 5: EKF error distribution for different frame ratesr(ai-
(experimental data). lated data, using one LED per measurement).

improves (linearisation of the model prediction is vali@he a) Computational complexity: We evaluated the perfor-
figure shows that for 30 fps EKF and RefAl perform equallynance of EKF by comparing it with RefAl. Our analysis shows
well, and for higher frame rates EKF outperforms RefAl.  that both the algorithms perform comparable starting from 4
3) Effect of measurement noise: Itis imperative to analyse LEDs per frame.
the performance for varying degree of measurement noise\\ e measured the execution times per pose estimate (in
Measurement noise here refers to the difference between Wl‘&tlab). EKF requires 1.6 ms (1 LED) and 1.7 ms (4 LEDs),
detected location of the LED in the image plane and its tryghiie RefAl requires 27.2 ms (4 LEDs). As one may notice
location in the image plane. We use simulated data to stughtre is a clear computational advantage of the EKF-based
the performance of EKF by adding noise (in terms of pixel§}snroach over RefAl. This makes EKF an attractive option
for the case when only one LED is observed per measuremeggt.implementation on resource-constrained platforms.
Position and angle errors for different noise levels arensho
in Fig. 6. With increasing measurement noise, the perfomaan ~ b) Tradeoff between accuracy and frame rates: We
of the EKF degrades. The figure also shows that for the sagftowed that EKF performs with fewer measurements (LEDs).
noise level (1 pixel) EKF performs better than RefAl. This however, comes at a price of reduced accuracy. When
We deliberately tested for one-LED case mainly for twée application demands more accuracy, either the number
reasons (i) it is more challenging to work when measuremei®s measurements used must be increased or the underlying
are severely under-constrained and (i) we want to study tR@mera should provide higher frame rates to cater to the

potential of the SCAAT approach. requirement. The option of favouring camera frame rates is
expensive in terms of processing cost, hence it is better to
VIII. DiscussION use more measurements. This could be done for example, by

Here we discuss some practicalities of using EKF for pogsgcorporating more LEDs on each sensor node and make them
estimation. all flash simultaneously. For instance, using four LEDs on a
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EKF with simulated data for different camera frame rates,

8 oor varying noise levels and under different LED visibility abn
@ 80l tions. Our initial results show that our EKF algorithm gives
S an accuracy of about few millimetres and few degrees even in
£ 7 sparse conditions with just 1 LED per pose.
ﬁ 60F The EKF also has been compared with RefAl, an algo-
S 5ol rithm that is based on the Discrete Linear Transform (DLT).
)= The EKF has shown to outperform RefAl, both in terms of
El accuracy and complexity. Contrary to EKF, the DLT-based
2 30 , algorithm needs more measurements and more iterations to
S —6—0.25 pixels .
$ 20 » 0.50 pixels estimate a pose.
5 —1 pixe: In the future, we plan to analyse the practical performance
s 10 2 pixels ; ; _ ; :
~ -1 pixel (RefAl) of our algorithm by running a large-scale expenment using
% 1 5 3 4 s o = 8 more sensor nodes and for different camera mobility models.
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