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Abstract cations in interior design, sports photography etc. In particular,
3D cameras that can capture range information, in addition the user can specify two points in the image to measure the dis-
to color information, are increasingly prevalent in the consumer tance between them such as the height of a person, the height of
marketplace and available in many consumer mobile imaging a skateboard jump, length of a piece of furniture etc. Essential
platforms. An interesting and important application enabled by requirements in such consumer applications are accuracy and re-
3D cameras is photogrammetry, where the physical distance be-peatability of the measurements and fast computation to enable
tween points can be computed using captured imagery. Howeverinteractivity, which makes this a challenging problem similar to
for consumer photogrammetry to succeed in the marketplace, itonline industrial photogrammetry.
needs to meet the accuracy and consistency expectations of users  Distance is typically measured by utilizing the range infor-
in the real world and perform well under challenging lighting mation, along with geometric calibration information, to compute
conditions, varying distances of the object from the camera etc.the 3D coordinates of the points specified by the user using tri-
These requirements are exceedingly difficult to meet due to theangulation [13]. The measurement can then be computed as the
noisy nature of range data, especially when passive stereo orEuclidean distance between these 3D points. However, such a
multi-camera systems are used for range estimation. We presensimple approach to measurement suffers from several drawbacks
a novel and robust algorithm for point-to-point 3D measurement and cannot deal with noisy range values which are quite common,
using range camera systems in this paper. Our algorithm utilizes imprecise user inputs (for instance, when the specified points are
the intuition that users often specify end points of an object of in- slightly away from object of interest and land in background ar-
terest for measurement and that the line connecting the two pointseas) etc. The resulting inaccuracy and lack of repeatability when
also belong to the same object. We analyze the 3D structure of thehe measurement is performed at different points on an object
points along this line using robust PCA and improve measurementleads to poor user experience and affects the success of consumer
accuracy by fitting the endpoints to this model prior to measure- photogrammetry applications. In many cases, the two points spec-
ment computation. We also handle situations where users attempified represent endpoints on an object of interest and all points ly-
to measure a gap such as the arms of a sofa, width of a doorwaying between these endpoints also belong to the object of interest.
etc. which violates our assumption. Finally, we test the perfor- Further, real world objects that are being measured have a profile
mance of our proposed algorithm on a dataset of over 1800 mea-that is linear along the measurement axis. We utilize these obser-
surements collected by humans on the Dell Venue 8 tablet with In-vations to develop an algorithm that can accurately estimate dis-
tel RealSense Snapshot technology. Our results show significantance between two specified points. In this paper, we present this
improvements in both accuracy and consistency of measurementalgorithm for accurate consumer photogrammetry that can run at
which is critical in making consumer photogrammetry a reality in interactive rates on a mobile device and also improves consistency

the marketplace. and repeatability. We implemented and tested the proposed algo-
rithm on the Dell Venue 8 tablet with Intel RealSense Snapshot
Introduction technology and the results show significant improvement in mea-

3D cameras that can capture range information (distance tosurement accuracy and consistency.
each point in a scene) in addition to color information are increas-
ingly prevalent today. Existing technology to generate 3D images Motivation
include stereo or multiple cameras (PointGrey Bumblebee, HTC Using simple triangulation to measure the distance between
One M8, Fuji FinePix 3D W3, Dell Venue 8/10 with Intel Re- two points can result in reduced accuracy and poor user experi-
alSense Snapshot technology), structured light systems comprisence in consumer applications. First, range information is quite
ing projected light patterns and cameras (Intel RealSense, Kinechoisy and this is especially true in passive stereo or multi-camera
for Xbox 360), time-of-flight cameras (Kinect for Xbox One) etc. arrays which suffer from inaccuracies in texture-less and occluded
An important and interesting application enabled by 3D camerasregions [11]. Another important source of error in these systems
is photogrammetry or measurement, where the distance betweers the quantization of disparity, which is usually computed at in-
different points on an image can be measured in metric units [10].teger (or up to quarter pixel) precision due to computational con-
Close range photogrammetry systems used in industrial or othersiderations. Further, windowed correlation based range measure-
applications can be fairly complex systems and online systemsment systems commonly used in stereo or structured light systems
operating in real-time, in particular, suffer from reduced accuracy often suffer from inaccuracy along object boundaries that corre-
and may require manual intervention [7, 12]. Proliferation of 3D spond to depth discontinuities [11]. This is particularly problem-
cameras in the consumer space make possible photogrammetrgtic in photogrammetry applications as measurements are often
of objects in consumer camera imagery with interesting appli- performed between boundary points on an object. Further, range
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information may be incomplete due to a number of reasons and
interpolation of range measurements can also result in inaccura-
cies. Finally, user input is often obtained in the form of clicks or
touch in consumer applications, which is prone to user error if a
point that is one or a few pixels away from the object of interest
being measured is specified. This results in points being speci-
fied on foreground or background regions adjoining the object of
interest, resulting in grossly inaccurate measurements.

Figure 1 shows an image and the corresponding disparity
map from a Dell Venue 8 tablet with Intel RealSense Snapshot
technology. A typical measurement application will display the
color image to the user to select points for measurement. Dis-
parity errors are visible along the boundaries of the target (espe-
cially at the bottom edge) and when the user selects points in these
regions, they get inaccurate measurements with simple triangu- - e o ST
lation. Further, if the user attempts to repeat the measurementgyre 1. Image and co-registered disparity map from a Dell Venue 8 tablet.
by clicking on different points on the target (3 length measure- Disparity inaccuracies are visible along the edges of the target board, espe-
ments and 3 width measurements illustrated in Figure 1), inCon'cially along the bottom edge. These will result in measurement inaccuracies
sistent results may be obtained. Disparity inaccuracies are Mor€ynen the user selects points in these areas to measure the dimensions of
pronounced under challenging lighting conditions and with lowly e target board.
textured objects, which are hard to control with real-world con-
sumer photography. Measurement errors tend to increase as the

distance of the measured subject from the camera increases [1]pbjects, which invalidates our measurement assumption, and re-

All of these issues motivate the need for a robust, accurate andsert to simple triangulation for measurement when this situation
consistent method for point to point measurement using consumejs detected.

range cameras to improve user satisfaction with the application.
In many cases, the two points specified by the user lie alongNotation

the edges of an object that is being measured and the points thatlie W first introduce some notation. LKix,y) denote a single
along the line joining these endpoints also belong to the same obor multi-channel color image at pixel locati¢r y) and letR(x, y)

jeCt as illustrated in Flg 1. In this instance, valuable information denote the Corresponding range image registered to the color im-
can be obtained by analyzing the 3D structure of all pOints that lie age. Note that we do not assume that the range information is
along this line. Further, real world objects that are being measuredcomplete which can occur, for instance, when the range image and
often have a profile that is linear along the measurement axis. Forthe color image are acquired from different positions (for exam-
example, when humans are not too close to the camera, the 3Dyle, in a structured light system) or in occluded/non-overlapping
points on the human appear planar in many range measuremertiegions in stereo camera systems where disparity estimation is in-
systems. This is also true with many commonly occurring rectan- determinate. Lepy = (xq,y1) andp, = (X2, y2) denote two points
gular or polyhedral objects in the world such as buildings, furni- in the image specified by the user whose distance is desired to be

ture, cars, photographs etc. and with many objects in man-madeneasured. We assume a pinhole camera model for the color cam-
environments [4]. We utilize these observations to improve the ac-era and that intrinsic calibration information is available in the

curacy and consistency of measurement. We find linear structuregorm of a projection matrix<. For a pinhole camera, the pro-

using all the poin_ts that lie aI(_)ng_ the two endpoints selgcted for jection matrix takes the form in Equation 1 wheug, cy) denotes
measurement using robust Principal Component Analysis (PCA).the principal point( fy, fy) denotes the focal lengths asdenotes
Measurement accuracy is enhanced by computing the Euclideanhe skew. Many consumer digital cameras héve fy ands=0.

distance between the endpoints after projecting them onto thesgyjithout loss of generality and for simplicity, we assume that the
linear structures. One issue with our proposed approach is wherskew component is 0 in this paper.

a user is attempting to measure a gap between objects such as

the arms of a sofa or the width of a doorway etc. In this case, fy S &
analyzing the 3D structure of points between the two endpoints is K=| 0 fy ¢ (1)
counter productive. We also present a method to overcome this is- 0O 0 1
sue. A detailed description of our proposed algorithm is presented
next. Any point in the imagep = (x,y) with associated range in-

o formationZ = R(x,y) is a projection of the 3D poirf given by:
Description

We describe the details of our algorithm in this section. We X (x—cx)Z/ fx

first introduce some notation and describe measurement using tri- P=|Y [=]| (y-¢)Z/fy (2)
angulation. We then describe our algorithm for 3D measurement, 4 4

which assumes that all points along the two specified endpoints
belong to the same object being measured. Finally, we describe a  The simplest way to measure the distance between ppints
method to determine if the user is trying to measure a gap betweerand p, specified by the user is to compute the Euclidean distance
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adopt this method in our paper for this reason [14]. In particular,
PCA can be performed by computing the Eigen decomposition of
the covariance matrix of the data, where the first principal com-
ponent is given by the Eigen vector corresponding to the largest
Eigen value and so on. For robust PCA, we compute the mini-
mum covariance determinant (MCD) estimator of the covariance
matrix of the data, which is a highly robust estimator of multivari-
ate location and scatter [8]. Its objective is to findbservations
out of N whose covariance matrix has the lowest determinant. We
utilize the Fast-MCD algorithm to find the MCD solution and this
algorithm is also able to detect an exact fit - i.e., when a hyper-
plane containindp or more observations is present in the data [9].
Our choice of the FAST-MCD algorithm was mainly motivated by
its speed of execution allowing for interactive speeds on a mobile

device.
x Giventhe datdL,i =1,2,...N} andhwhich determines the
Figure 2. Measurement of an oriented target board along its length. breakdown point of the estimator, the output of the FAST-MCD

algorithm is a robust estimate of multivariate location denoted by
T and multivariate scatter denoted By The algorithm operates
between the corresponding 3D poifgsandP, computed using by initializing randomh— subsets from the data and performing

Eq. 2. This distancd is defined by: iterations on this data that are guaranteed to reduce the determi-
nant of the covariance matrix [9]. For small datasets, FAST-MCD
d= \/(xl —X2)2+ (Y1 —Y2)2+ (Z1 — Z5)? (3) typically finds the exact MCD and for large datasets, it generates

fairly accurate results, although not guaranteed to be the exact re-
As described earlier, this solution suffers from numerous sult. An important advantage of the Fast MCD algorithm is that
problems and we describe our proposed algorithm for measurindt allows for exact fit situations wheh or more observations lie

the 3D distance between poirs and p, next. on a hyperplane and still yields robust estimates of location and
scatter (which is singular in this instance) [9]. The exact fit situ-

Proposed Algorithm ation is an important case in our measurement application as this

We first sample all pixels along the line definedpayand p, often occurs when the 3D points along the object being measured

and attempt to fit a robust linear structure to these points. To ob-appear planar, which occurs commonly as described earlier.

tain the closest integer coordinates along this line, we sample the ~ We utilize the robust PCA solution to project the 3D points
image alongx if |pl.x— p2.x| > |pl.y — p2.y| and alongy oth- P, and P, onto the estimated linear structure to generate the
erwise. Depending on the method employed to compute rangepredicted 3D points denoted B and P,. Whenever an ex-
3D coordinates can be obtained for all or a subset of points alongact fit situation is detected, the Fast MCD algorithm can also
this line and we denote these points usfiig = (X,Y;,Z),i = compute the equation of the hyperplane which we denote using
1,2,...N}. Without loss of generality, we assume that= Py axX+bY+cZ+d=0. We first check ifa,b = 0, which implies
andLy = P». Range information may be unavailable at certain that the object has the same range measurement and that the hy-
pixel locations (for example, due to lack of texture or in occluded Perplane is defined by = — 4. In this instance, we set thg-
regions in passive stereo/camera arrays) and we ignore these pixzcoordinate oP; andP to —% and re-compute the predicted points
els. However, we do assume that range informatiorpfaand p, P andP, using this predicted range measurement in Equation 2.
is available or interpolated in some manner (for example, medianlf either a or b is not equal to 0, we project the poins and
disparity in a window). The locations of the 3D poirts;} are P> onto the hyperplane to compute the predicted pdfiandP.
inherently noisy due to errors in disparity estimation, calibration This can be done using simple geometry by finding the perpendic-

etc. ular projection of a point onto a plane. Equations for computing
As motivated earlier, we assume that the 3D poftg lie P| are shown below anB}, is computed similarly.

on an object whose 3D profile is linear. PCA can be used to find

linear structures in this data. However, traditional PCA is sensi- fy = —aXy —bY; —cZ; —d @

tive to outliers in the data and not well-suited to the measurement a2+b2+c?

problem where outliers in the range data are commonly observed. aty +Xg

Range estimates from passive stereo systems in particular tend Pl=| bty+VY; (5)

to be noisy at object boundaries, which is often where points are 421

specified for 3D measurement. We propose utilizing robust PCA

to address the outliers and solve this problem. Whenever a hyperplane is not found, the Eigen decomposi-

Robust PCA has been studied in the literature and a numbertion of Scan be used to compute the principal components of the
of different methods to robustly perform PCA exist [6, 2]. One data. LetS=VAVT denote the Eigen decomposition®énd let
approach replaces the standard covariance matrix in the PCA forvg denote the first principal component which is the Eigen vector
mulation with a robustly estimated version. This approach works corresponding to the largest Eigen value. We then préjeeind
well on data of small dimensionality (3D in our case) and we P, onto this principal component to obtain the projected pdjts
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Figure 3.  Plot showing a Y-Z slice of the 3D points resulting from the
measurement in Figure 2. Blue circles show the noisy 3D points, green line

shows the principal component estimated by our algorithm and the red points Figure 4. Blue line shows the line joining two points indicated by user for

show the noisy points projected onto the principal component. measurement. Green line segments show the two extensions analyzed to

detect gaps.
andP.
, these situations when they occur and revert to basic triangulation
PL=T+I[(PL—T)-volVo (6)  to compute the measurement in these instances. We utilize the
Po=T+[P.—T) vovo (7) intuition that when the user is measuring a gap, the two points

specified for measurement arefront of the points that lie along

The distance between the two poimisand p, specified by the line joining them. We construct a fixed-length line segment
the user is then given by the Euclidean distance betemnd from P, along the lineP.P, and away fromP; as illustrated in
P;. Note that our approach is equivalent to performing a robust to- Figure 4 in green. We construct a similar line segmentFor

tal least squares (TLS) fitting using a linear modefan}, which Whenever the two line segments appear to be in from|aind
is appropriate since the variables along all 3 directiofy Z) P} respectively, we conclude that a gap has been detected. To do
suffer from error in the measurement application [3, 1]. this, we compute a robust estimate of rarigét from the range

Figures 2 and 3 helps visualize how our algorithm works. measurements in line segment nBausing the bisquare weight-
A measurement is performed along the length of the target boarding function and similarly foz$* [5]. If Z§¥ < Z; andZ§X' < ZJ,
shown in figure 2, which is oriented with respect to the camera. we conclude that the measurement endpoints represent a gap and
Due to the difficulty of visualizing in 3D and since the X- coordi- we abandon refining the measurement betwgeand py using
nate of this target is almost constant along its length, we show theour proposed method. Note that while we could have used ro-
Y-Z slice of the resulting 3D points along the measurement line asbust PCA to determine the depth of the line segments too, we use
blue circles in Figure 3. Due to integer quantization of disparity, the simpler approach of robustly fitting the range due to the small
the Z- component of the noisy points lie at four distinct depths. number of data points analyzed.
Our algorithm is able to find the principal component of the data
points (depicted in green) and the re-projections of each of theseResults
points onto the principal component are also shown in red. Our We tested our algorithm on the Dell Venue 8 tablet with Intel
algorithm is able to extract the 3D structure of the target board RealSense snapshot technology. A depth map is created for every
very well and is hence able to improve measurement accuracyjmage captured on the tablet using the three cameras on the sys-
despite the noisy range data. One interesting point to note is thatem. A measurement application allows the user to select any two
although the target is planar, our algorithm does not detect a hy-points in an image using a touch interface and the computed mea-
perplane in this data and instead fits a 3D line to the data using thesurement is displayed to the user. Our proposed algorithm was
principal component. This is due to quantization of the 3D points implemented and run on the Intel Atom Processor (Dual Core) on
(particularly along the Z- coordinate due to integer quantization the tablet. The runtime of the algorithm is variable and depends
of disparity) resulting in the fact that there is hsubset of points  on the data. Exact fit situations are detected very quickly and the
that lie exactlyon the oriented plane, which is necessary for the worst case runtime was measured to be 55ms on images of resolu-

Fast-MCD algorithm to detect a hyperplane. tion 1280720, which is well within requirements for interactive
applications.
Detecting gaps We tested our algorithm op- 1800 measurements of the

Finally, we need to handle situations where the user mea-length and width of a textured poster and the height of a human
sures a gap between different objects as illustrated in Figure 4,0n the 3D image captured by the Dell Venue8 tablet. A sample set
which violates our assumption that the points along the line join- of seven measurements (3 each along the width and height of the
ing the endpoints belong to the same object. We attempt to detectheckerboard and 1 of the human) is illustrated in Figure 1. The
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Figure 5. Measurement accuracy using our method. The “Basic” algorithm Figure 6. Testimages at different distances of the target and under different
uses the median disparity in a window centered around each point for trian- lighting conditions.

gulation. The numbers in parentheses under each bar represent the number
of data points in each category.
accuracies and these need to be taken into consideration in se-

] ) lecting h, which directly corresponds to the expected number of
points used for measurement were manually clicked by humangiers in the system. In our experiments with the Dell Venue 8
users on the Dell Venue8 tablet device. The data was acquired a§_camera system, we sket= 0.5N since we observed that con-
different distances of the target from the cameras (typically at 2m, (e ntion between the two camera pairs used in disparity estimation
4m, 6m and 7m) and under different lighting conditions (indoor, gften resulted in upto 50% outliers. For multi-camera systems,
mixed lighting and outdoor conditions) to validate its performance |, can pe increased as the number of cameras increases since dis-
in the real world. Some examples from our dataset are shown i”parity accuracy is expected to improve. This is also true of struc-
Figure 6. ) _ tured light or time-of-flight systems that use active illumination to

For a ground truth distance gfand a correspor)dlng mea-  achieve better range measurement accuracy.

suremenmn, we compute measurement accuracy using: Finally, we would like to note that we also tested the sim-

Ig—m| pler approach of fitting a robust line to the depth values (or just
A=100— 100(7) (8) the Z- coordinate of the 3D point), rather than modeling the 3D
9 points themselves. While this approach does better than the basic
The results of using our algorithm to compute measurementalgorithm (mean accuracy improved by 0.6% on all the data), it
accuracy is illustrated in Figure 5. For a fair comparison and to does not reach the level of performance of our proposed algorithm
account for noisy disparity values, we compare against a methodwhich is better able to model the 3D structure of different objects
that computes the median disparity in a window surrounding eachin the real world.
point and uses this value to determine the Euclidean distance be-
tween the points. Our method achieves a 2.6% overall improve-Conclusions and Future Work
ment in mean accuracy with a 5% reduction in standard devia- We presented a robust and accurate method for point-to-point
tion. Accuracy is also shown separately for different distances of measurement from 3D camera images in this paper. Our algo-
the target from the camera (2,4,6 and 7m) and it is seen that theithm runs at interactive rates (worst case runtime of 55ms) on a
accuracy improvement using our proposed algorithm increases agnobile device. Our method was tested using images collected un-
the distance of the targets from the camera increases. At 6m andler challenging conditions for the algorithm and found to improve
7m, mean accuracy improves by approximately 4%. This is to be both the accuracy and consistency of measurement applications
expected since the accuracy of measurement decreases with irsignificantly. We believe that these improvements are essential to
creasing target distance due to the inverse relationship betweemake consumer photogrammetry perform to the level of expecta-
disparity and depth. tion of consumers and succeed in the marketplace. One aspect of
We tested the gap detection algorithm qualitatively on a few our work that can be improved upon is the gap detection algorithm
images by attempting to measure gaps and observed good perfomwe use, whose performance can be improved using more complex
mance. For a more quantitative evaluation of false positives pro-3D scene modeling. We would also like to extend our algorithm
duced by the gap detection algorithm, we tested it on this data seto situations where a confidence map associated with the range in-
which does not contain any gaps. We set the length of the extenformation is also available. Finally, we would also like to extend
sion line segments to 25 pixels. Only 6.8% of 1873 measurementssome of these ideas to photogrammetry and geometric modeling
were detected as gaps which represents reasonable performaned 3D videos.
of the gap detection algorithm. Most erroneous situations where
gaps were detected (81%) occurred at target distan&s when ~ Acknowledgments
the disparity was noisy. We would like to thank Kathryn Feld, Suresh Nampalli, Srini
We need to explicitly select the parameterwhich deter- Gosangi and other members of the team for endless hours spent
mines the breakdown point of the Fast MCD estimator, in our collecting measurement data, which was used in validating our
algorithm. Different range measurement systems have differentalgorithm.

IS&T International Symﬁosium on Electronic Imaging 2017
24 Digital Photography and Mobile Imaging XIll



References

[1] Steven D. Blostein and Thomas S. Huang. Error analysiseres
determination of 3-D point position$EEE Transactions on Pattern
Analysis and Machine Intelligenc@(6):752—765, 1987.

[2] EmmanuelJ. Candes, Xiaodong Li, Yi Ma, and John Wright. Rbbu
principal component analysis?Journal of the ACM58(3):1-37,
2011.

[3] G. Golub and C. van Loan. An analysis of the total leastasgs
problem.SIAM Journal on Numerical Analysi&7(6):883—-893, De-
cember 1980.

[4] Dirk Holz, Stefan Holzer, Radu Bogdan Rusu, and Sven Rehn
Real-time plane segmentation using RGB-D cameraRolmot Soc-
cer World Cup pages 306-317. Springer Berlin Heidelberg, 2012.

[5] Peter J. Huber and Elvezio M. RonchetRobust StatisticsWiley,
2009.

[6] F.De laTorre and M. J. Black. Robust principal componeralgsis
for computer vision. INREEE International Conference on Computer
Vision, volume 1, pages 362-369 vol.1, 2001.

[7] Thomas Luhmann. Close range photogrammetry for industpial a

(8]

plications.ISPRS Journal of Photogrammetry and Remote Sensing
65(6):558-569, November 2010.
Peter J RousseeuviMathematical Statistics and Applications, Vol.

B, chapter Multivariate estimation with high breakdown ppjpreges
283-297. Dordrecht: Reidel, 1985.

[9] Peter J Rousseeuw and Katrien Van Driessen. A fast dkgori
for the minimum covariance determinant estimaftechnometrics
41(3):212-223, 1999.

[10] Giovanna Sansoni, Marco Trebeschi, and Franco DocState-of-
the-art and applications of 3D imaging sensors in industrigucal
heritage, medicine, and criminal investigatioBensors9(1):568—
601, January 2009.

D. Scharstein, R. Szeliski, and R. Zabih. A taxonomy awal-e
uation of dense two-frame stereo correspondence algorithims.
IEEE Workshop on Stereo and Multi-Baseline Visipages 131—
140, 2001.

[11]

(12]
Close-Range Photogrammetry and 3D Imagiedsruyter, 2013.
Emanuele Trucco and Alessandro Vemnitroductory Techniques for
3-D Computer VisionPrentice Hall PTR, 1998.

H. Xu, C. Caramanis, and S. Sanghavi. Robust PCA viaaliir-
suit. IEEE Transactions on Information Theor§y8(5):3047-3064,
May 2012.

[13]

[14]

Author Biography

Kalpana Seshadrinathan received the B.Tech. degree frerbtii-
versity of Kerala, India, in 2002, and the M.S. and Ph.D. éegrin elec-
trical engineering from the University of Texas at Austir6AJ in 2004
and 2008, respectively. She is a Senior Research Scieiittisintel Labs
in Santa Clara, CA. She is a recipient of the 2013 IEEE Sigmat&ssing
Society Young Author Best Paper award and the 2003 Texasofetau-
nications Engineering Consortium Graduate Fellowship Alva

Oscar Nestares received his M.S. (1994) and Ph.D. (1997)do-E
trical Engineering from Universidad Politecnica de Madridfter that he
was a Fulbright Visiting Scholar at Stanford University acmhsultant at
Xerox PARC (1998-2000) and a tenured Research Scientis¢ dstitute
of Optics, Spanish National Research Council (2000-2003)2003 he
joined Intel Labs focusing on statistical approaches teeieénhancement
(de-noising, super-resolution, stabilization), its apptions to consumer
electronics, workload analysis, and computational phcapdy.

IS&T Infernational Symposium on Electronic Imaging 2017
Digital Photography and Mobile Imaging XIll

Luhmann Thomas, Robson Stuart, Kyle Stephen, and Boehm Ja

Yi Wu received her Ph.D. in Electrical and Computer Engiiveger
from the University of California, Santa Barbara in 2005.eS& a Senior
Research Scientist with Intel Labs in Santa Clara, CA. Shesawulti-
ple US patents and and has published over 40 technical agicbhe has
also served as a program and organizing committee membet dh-7
ternational conferences and workshops on multimedia,ovatel image
processing.

25



