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Abstract bration) we instead apply a 3D range camera— CSEM Swis-
sRanger SR-2. Each pixel in this camera directly provides
This paper presents a system for view invariant gesture a depth value (distance to object). Even though the technol-
recognition. The approach is based on 3D data from a ogy in range cameras is still in its early days, e.qg., resglti
CSEM SwissRanger SR-2 camera. This camera produce# low resolution data, the great potential of such sensors
both a depth map as well as an intensity image of a scenehas already resulted in them being applied in a number of
Since the two information types are aligned, we can use thetypical computer vision applications like face detectidfy [
intensity image to define a region of interest for the relévan face tracking{], shape analysis3] 9], and robot navigation
3D data. This data fusion improves the quality of the range [14].
data and hence results in better recognition. The gesture The camera we apply also provides an amplitude value
recognition is based on finding motion primitives in the 3D corresponding to an intensity value for each pixel. This
data. The primitives are represented compactly and view in- means that at any given time instant both a depth image and
variant using harmonic shape context. A probabilistic Edit an intensity image are present. For some applications these
Distance classifier is applied to identify which gesturetbes two information types compliment each other and are there-
describes a string of primitives. The approach is trained on fore both used. For example ifi][where the objective is to
data from one viewpoint and tested on data from a different segment planar surfaces in 3D (range) data, the edges in the
viewpoint. The recognition rate is 92.9% which is similar to intensity image are applied to improve the result. Similar
the recognition rate when training and testing on gestures benefits of applying both data types can be seen,ii]f
from the same viewpoint, hence the approach is indeed viewWe also apply both data types and will show how this im-
invariant. proves our results.
Applying 3D data allows for analysis of 3D gestures.
However, we are still faced with the problem that a user
1. Introduction has to be fronto-parallel with respect to the camera unless
we want to train classifiers for each possible viewpoint,
Automatic analysis of humans and their actions has re-which is obviously not desirable. Instead we aim at a view-
ceived increasingly more attention in the last decdd§. [  invariant approach which is trained at examples from one
One of the areas of interest is recognition of human gesturessiewpoint and able to recognize gestures from a very differ-
for use in for example Human Computer Interaction. ent viewpoint, say-45°. Another issue we want to combat
Many different approaches to gesture recognition haveis the often used assumption of known start- and end points.
been reportedl[1]. They apply a number of different seg- That is, often the test data consistsMfsequences where
mentation, feature extraction, and recognition stratediet each sequence contains one and only one gesture. This ob-
are virtually all based on analyzing 2D data, i.e., images. viously makes the problem easier and it favors a trajectory-
A consequence of this is that approaches only analyze 2Dbased approach, where each gesture is represented as a tra-
gestures carried out in the image plane. To overcome thisjectory though some state-space with known start and end
shortcoming the use of 3D data has been introduced througtpoint. For real-life scenarios the start and end point is ob-
the use of two or more cameras, see for examplef]. We viously not known. To deal with this issue we follow the
follow this line of work and also apply 3D data. To avoid the notion of recognition through a set of primitives |5, 16].
difficulties inherent to classical stereo approaches (thhe ¢ Concretely, we define a primitive as a time instance with
respondence problem, careful camera placement and calisignificant 3D motion.
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Figure 1. An overview of the range and intensity based gestaognition system. Note that the feedback loop illustréttat a number of
frames are processed before recognition of gestures cooas.en

So, we represent gestures as an ordered sequence of 3j
motion primitives (temporal instances). We focus on arm
gestures and therefore only segment the arms (when the
move) and hereby suppress the rest of the (irrelevant) bod
information. Concretely we use 3D double difference im- ?
ages to extract the moving arms and represent this data b
their Shape Context. We make the primitives invariant to ro-
tation around the vertical axis by re-representing the 8hap
Context using Spherical Harmonic basis functions, yigdin
a Harmonic Shape Context representation. In each fram

the primitive, if any, which best explains the observed data rigyre 2. Top-left: A range image, where the pixel valueseor
is identified. This leads to a discrete recognition prOblem spond to a distance. Top_midd|e: A difference range m]a@ us
since a video sequence of range data will be converted intofor motion detection. Top-right: The resulting motion dzté in

a string containing a sequence of symbols, each represent2D after hysteresis bandpass filtering and creation of aldalib
ing a primitive. After pruning the string a ProbabilisticiEd ~ ference image. Bottom-left: An intensity image. Bottonenfie:
Distance classifier is applied to identify which gesturetbes A difference intensity image used for ROI selection. Bottoght:

describes the pruned string. Our approach is illustrated in The resulting ROl in 2D after hysteresis highpass filtering ere-
figure 1. ation of a double difference image.

2. Segmentation
ing the depth values pixelwise in two pairs of depth images

2.1. Data acquisition (see figure2 (top-middle)), thresholding and finally AND-
ing the two binary images. The moving arms (and their
shadows) are visible in the binary image, but so is a large
amount of noise due to erroneous depth values often pro-

radio-frequency modulated light in the near-infrared spec duced by the SwissRanger camera. To handle these noise

trum, which is backscattered by the scene and detected bfffects, eaph of the two :,)’D difference images is filtered with
a CMOS CCD. The resolution 50 x 124 pixels with an a hyst_ereS|s band_pass fllte_r b_efore they are ANDed together
active range of 7.5 m. The depth accuracy is typically in the (S€€ figure? (top-right)). This filter operates in 2D and uses
order of a few centimeters, depending of the distance rangd®Ur threshold valueq’, T, 75 and 7. The 3D differ-

and illumination. Figure (top-left) and figure2 (bottom- ence values that fall within the motion ranfjg2, 73] are

left) show a range and an intensity image of one time instantMost likely to originate from arm movgr_nents. Pixels_in the
of a "point right” gesture, respectively. range[T'1, T2] | J[T'3, T4] are also classified as belonging to

the arm if and only if they are connected with pixels from
[T2,T3]. This hysteresis principle yields less fragmented
motion regions while excluding noisy image regions. Too

We detect movements (of the arms) using a 3D versionsmall motion regions caused by noise or unwanted motion
of 2D double differencing{]. This is done by subtract- along the body are filtered by a size criterion.

We capture intensity and 3D data using a CSEM Swiss-
Ranger SR-2 range camera (see figlir¢13]. The cam-
era is based on the Time-Of-Flight principle and emits

2.2. 3D motion detection



2.3. Falsified distance measurements The idea is, that the ROI estimated in the intensity im-
age will not include these falsified distance measurements.
When detecting motion in the range image, the errornous
distance values will cause false motion effects. As a result
these false motion pixels will be mapped to 3D and hereby
include data points with incorrect distances. In contriast t
intensity information do not suffer from this problem. Al-
though it should be noted, that the camera produces inten-

If the distance a pixel "sees” changes in this time window, g, images of very low quality, and therefore this type of
the distance calculation is falsified. Fast moving objetts i 4 ia is not used for motion detection on its own but solely
the scene may therefore cause errors in the distance calcur-or RO selection

lations. This_error is i_nversely prop_ortional to thg frame The ROI is estimated by the same technique used to ex-
rate. In practice, the distance error is best seen in regiong,, .+ motion in the range data, namely image differencing.
ofa scene_that contain objects with h'gh velocity and d_|s- Again we create a double difference image by subtracting
tance gradients. In our case a fast moving arm. The pixely,4 \alues pixelwise in two pairs of intensity images (see

could then see the arm for the first two taps and a wall for figure 2 (bottom-middle)), thresholding and ANDing the
the last two. Thus, the edges of the moving arm are poorlyyq hinary images. Noise is handled like before by a hys-
defined and lead to incorrect distance measurement. CoNgegis filter. However, in this case we are interested in the

cretely_, When_ v_isualizing the range dataasa3D F?Oi”t cloud, pixels including the largest differences. Hence, as opgose

the points origin from these regions are 'stretching” back- 1, he gther bandpass filter, this filter operates as a highpas
Ward.s along the edges of the moving arm. An exarr:plg oF filter with two thresholds (see figuee(bottom-right)). Fig-

a point cloud extracted from one time instant of a "point ;63 (hottom) shows an example of the 3D point cloud after

right” gesture is shown in figur& (top). the intensity based ROI slection has been applied. The fig-
ure illustrates how effective the ROI eliminates data point

After detecting the motion we are left with a point cloud
in 3D (see figurel). However, the points included in the
motion cloud are not always perfectly located at the arms.

The camera sensor is controlled as a so-called 1-tap sen
sor. This means that in order to obtain distance informa-
tion, four consecutive exposures have to be perforréfd [

R 4 T with incorrect distances, and hence how the two data types
T35 ' T35 compliment each other.
- = N :
g3 g 3 . oo
2 g 3. Motion primitives
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) S ] ) 3.1. Shape context
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x[m] o ym T x The 3D point cloud is represented efficiently using shape
N 4 context [L]. A shape context is based on a spherical his-
T35 T35 togram. This histogram is centered in a reference point
8 4 8 . (center of gravity of the human body) and divided linearly
2 . .§ s into S = 12 azimuthal (east-west) bins and T = 12 colatitudi-
Q25 il Q25 3?" nal (north-south) bins, while the radial direction is dizth
e 2 02\'1 0P into U = 5 bins. The radial division is made in steps of
T xmlT O ym® 2T 20 cm. The value of a bin is given by the number of 3D

Figure 3. Top: A resulting 3D point cloud (seen from two diffe  points falling within that particular bin. This results in a
ent view points), after motion dection in the range data asvsh (SxT xU =12 x 12 x 5 = 720) dimensional feature vec-

in figure2 (top-row), including falsified error measurements. Bot- tor for each frame. Figuré gives an example of the shape
tom: The point cloud after extending the motion detectiotihvain context descriptor.

intensity based ROI selectidh(bottom-row).

3.2. Viewinvariant representation: harmonic shape
context

2.4. Intensity based ROI selection _ . . . .
By introducing spherical harmonics we can eliminate

To overcome these falsified distance measurements weone of the two rotational parameters in a shape context de-
use the already available intensity information. Spegificl scriptor. We eliminate the rotation around the verticabaxi
we use the intensity images to select a Region Of Interestsee figure4, and hereby make our representation invariant
(ROI) for motion detection in the range data. This ROI can to variations in this parameter.
be used directly like a mask to select motion of interest in  Any given spherical function, i.e. a functigh(¢, ¢) de-
the range data, due to the fact that the intensity and rangdined on the surface of a sphere parameterized by the co-
images are aligned. latitudinal and azimuthal variablésand¢, can be decom-



I~y
KACANAE
T
VAN ]
\{\ Or

Ru
Figure 4. A horizontal and a vertical cross-section of a &ram-
text descriptor.
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posed into a weighted sum of spherical harmonics as give
by equatiorl.
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The termA;" are the weighing coefficient afegreem and
order [, while the complex function&}™ (-) are the ac-
tual spherical harmonic functions diegreem and order

l. The following states the key advantages of the mathe-
matical transform based on the family of orthogonal basis
functions in the form of spherical harmonics. The complex
functionY;” (-) is given by equatio.

Y™ (0,¢) = K" P (cos ) /™ 2)

The termK;™ is a normalization constant, while the func-

tion P)m‘ (+) is theassociated Legendre Polynomialhe
key feature to note from equatidghis the encoding of the
azimuthal variable. The azimuthal variable solely inflects
thephaseof the spherical harmonic function and has no ef-
fect on themagnitude This effectively means thatA;"||,
i.e. the norm of the decomposition coefficients of equation
lis invariant to parametrization in the varialle

The actual determination of the spherical harmonic coef-
ficients is based on an inverse summation as given by equa;
tion 3, whereN is the number of samples'(x 7). The
normalization constantr /N originates from the fact, that
equation3 is a discretization of a continuous double inte-
gral in spherical coordinates, i.@x/N is the surface area
of each sample on the unit sphere.

2T o
(A, = TS L 0.0) Y (0.0) @)

$=00=0

In a practical application it is not necessary (or possiae,
there are infinitely many) to keep all coefficieaf*. Con-
trary, it is assumed the function® (f, are the spherical
functions foru € [0; U — 1]) are band-limited why it is only
necessary to keep coefficient up to some bandwidth. Con-
cretely we use 136 coefficients (see figlije

n

4. Classification

The classification is devided into two main tasks: recog-
nition of motion primitives by use of the harmonic shape
context descriptors, and recognition of the actual gesture
using an ordered sequence of primitives (see figjre

4.1. Recognition of primitives: correlation

A motion primitive is recognized by matching the cur-
rent harmonic shape context with a known set, one for each
possible primitive. The actual comparison of two harmonic
shape contexts is done by the normalized correlation coef-
ficient as given by equatiof. To this end each harmonic
shape context is represented as a veejoandh, of length
n containing the (stacked) spherical harmonic coefficients
for a specific primitive at timei,;

match(hy, ha,t) = (4)

nZhlhz — Zh12h2
VIS — ()2 ) — (S ha)?

The system is trained by generating a representative set
of descriptors for each primitive. A reference descrip$or i
then estimated as the average of all these descriptors for
each class (primitive).

The classification of a sequence can be viewed as a tra-
jectory through the feature space where, at each time-step,
the closest primitive (in terms of the normalized correla-
tion coefficient) is found. To reduce noise in this process
we introduce a minimum coefficient in order for a prim-
itive to be considered in the first place. Furthermore, to
reduce the flickering observed when the trajectory passes
through a border region between two primitives we intro-
duce a hysteresis threshold. It favors the primitive recog-
nized in the preceding frame over all other primitives by
modifying the individual distances. The classifier hereby
obtains a "sticky” effect, which handles a large part of the
flickering.

After processing a sequence the output will be a string
with the same length as the sequence. An example is il-
lustrated in equatioB. Each letter corresponds to a recog-
nized primitive and) corresponds to time instances where
no primitives are detected. The string is pruned by first re-
moving '@’s, isolated instances, and then all repeated let-
ters, see equatiof. A weight is generated to reflect the
number of repeated letters (this is used below).

String = {0,0,B,B,B,B,B,E,A A F,F,F,F,

0,D,D,G,G,G,G,0} (5)
String = {B,A,F,D,G} (6)
Weights = {5,2,4,2,4} (7



4.2. Recognition of gestures: probabilistic edit dis- Initialization Final Operations

tance M|O[T[I[O]N[S M[O[T[1]O]N[S — Tnsert

0[1[2[3]4]5[6]7 o1k 2[3]4[5]6]7 [0) o)

The result of recognizing the primitives is a string of let- 8 ; 8 ; ; ; % g j g g g* Dele‘e%T

ters referring to the known primitives. During a training [t[3 T[3]3[3[2[3[4[5[6 Al Exchange +{T

phase a string representation of each gesture to be reco I/\\I ;_‘ I/\\I ;_‘ ‘5‘ ‘5‘ Z 2 j &% N Tnsert ”g

nized is learned. The task is now to compare each of the[g[s E[6]6]6]5]65]5]5 [ Exchange +{S]
learned gestures (strings) with the detected string. Sincerigyre 5. Measuring the distance between two strings usiity e

the learned strings and the detected string (possiblydaclu  gistance.
ing errors!) will in general not have the same length, the
standard pattern recognition methods will not suffice. We

therefore apply the Edit Distance methdd], which can In fact, 2 out of 3 of the primitives have to be changed for
handle matching of strings of different lengths. gesture #1 whereas only 2 out of 5 have to be changed for

The edit distance is a well known method for comparing gesture #2. We therefore normalize the edit distz_;mce I_Jy di-
words or text strings, e.g., for spell-checking and plagiar ~ Viding the output by the length of the gesture-string, yield
detection. It operates by measuring the distance betweedd 0-67 for gesture #1 and.2 for gesture #2, i.e., gesture
two strings in terms of the number of operations needed in#2 IS recognized. o
order to transform one to the other. There are three possi- 1he editdistance is a deterministic method but by chang-
ble operationsinserta letter from the other stringlelete ~ INg the cost of each of the three operations with respect
a letter, andexchange letter by one from the other string.  t© likelihoods it becomes a probabilistic methodCon-
Whenever one of these operations is required in order toCretely we apply the weights described above, see equa-
make the strings more similar, the score or distance is in-1ion 7. These to some extent represent the likelihood of a
creased by one. The algorithm is illustrated in figere ~ Certain primitive being correct. The higher the weight the
where the stringsiotionsandoctaneare compared. more Ilkely_ a primitive will be. We incorporate the weights

The first step is initialization. The two strings are placed [Nto the edit distance method by increasing the score by the
along the sides of the matrix, and increasing numbers areVeight multiplied by (a scaling factor) whenever a primi-
place along the borders beside the strings. Hereafter thdive is deletedor exchangedThe cost ofinsertingremains

matrix is filled cell by cell by traversing one column at a o o .
time. Each cell is given the smallest value of the following ~ The above principle works for situations where the input

four operations: sequence only contains one gesture (possibly corrupted by
noise). In a real scenario, however, we will have sequences
Insert: The value of the cell above + 1 which are potentially much longer than a gesture and which

might contain more gestures after each other. The gesture
recognition problem is therefore formulated as for each ges
Exchange: The value of the cell up-left + 1 ture to find the substring in the detected string, which has
o the minimum probabilistic edit distance. The recognized
No change: The value of the cell up-left + 0. This is the  gesture will then be the one of the substrings with the min-
case when the letters in question in the two stings arejmym distance. Denoting the start point and length of the
the same. substring,s and!, respectively, we recognize the gesture

Using these rules the matrix is filled and the value found presentin the detected string as:
at the bottom right corner is the edit distance required in
order to map one string into the other, i.e., the distance be- Gesture Rrgmin PED(A, k, s,1) (8)
tween the two strings. The actual sequence of operations ) T )
can be found by back-tracing the matrix. Note that often Where k index the different gestures) is the detected
more paths are possible. string, andPED(-) is the probabilistic edit distance.
When the strings representing the gestures are of differ-
ent lengths, the method tends to favor the shorter strings.5. Test and results
Say we have detected the strifg, C, D} and want to clas- . -
sify it as being one of the two gesturegl = {J,C,G} For testing purpose we use a vo_cabulary consisting of
and#2 — {A, B,C, D, H}. The edit distance from the de- 11 primitives. Thls_ is illustrated in figuré. The criteria
tected string to the gesture-strings will be two in both sase for_fmdmg the pr|m|t|ves_ are 1) that_they r_epresent charac_-
However, it seems more likely that the correct interpretati teristic and representative 3D configurations, 2) thatrthei

is.that the detected string comes from gesture #2 in a Si_tu' 1This is related to the Weighted Edit Distance method, whinivdver
ation where the start and end has been corrupted by noisehas fixed weights.

Delete: The value of the cell to the left + 1




configurations contain a certain amount of motion, and 3) i.e., the approach supports view invariant gesture reeogni
that the primitives are used in the description of as many tion. The errors observed in both tests are mainly due to per-
gestures as possible, i.e., fewer primitives are requByd.  sonal variations when performing gestures like “pointtigh
use of this vocabulary of primitives we describe 4 one- and and “raise arm”. |.e., some tend to raise their arm above the
two-arms gestures: "Point right”, "raise arm”, "clap” and shoulder while pointing while some do not stretch their arm
"wave”. fully when raising their arm. Another example is in the case
of a "clap” gesture, where one of the arms might not be vis-
ible or segmented properly due to a too extreme viewpoint
. ‘ i when the individual performs this gesture. Hence a "clap”

=T a — ] gesture might be classified to be more likely another ges-
cml “ “ ture. Furthermore, most og the false negatives origates fro

W E = : ‘ badly performed "wave” gestures at43n some of these
Figure 6. The vocabulary consisting of 11 primitives. Thirpr ~ Cases the test person turn more thah wih respect to the
itves are illustrated by range images of the arm configuratio ~camera. As a result most of the arm is hidden behind the
which are color coded. The color can vary slightly due torerro  body and therefore nearly invisible, hence only very little
pixels and normalization. and poorly defined motion is present.

We test the system on data recorded of 10 test subjectsP.1. Neglecting intensity information

. . R
each performing the four gestures 3 times fror°aand In comparison the same system without fusion of inten-

4'5d viewpoint W|thhrespict to the cgmdera'é_ A tgtal of 240 sity and range information but solely based on range data
video sequences have been recorded. Figusaows an yields the results given in figus

example of the visual differences that occur when a gesture

is performed from these two viewpoints. | 5 ; 4

1. Point right | 81.7 | 0.0 83 | 10.0
2.Raisearm | 83 | 883 [ 0.0 | 3.4
3. Clap 11.7 | 83 [ 783 | 1.7
4. Wave 6.7 1.7 83 | 833
Figure 9. Test results when the system only rely on rangerimde

tion (given in percentages) for the 4 gestures recorded &dh
and 45 viewpoint with respect to the camera.

Figure 7. Range data examples of a time instance from a video
sequence including a person carrying out a "clap” gestuog/sh
from a 0 and 45 camera viewpoint.

To evaluate the view invariance of the system, the data The OYefa” matching rate is reduced K_’ 82.9%, anq_when
which is used to train the motion primitives is only from the ©ONIY testing on sequences frdf we obtain a recognition

0° viewpoint. The overall matching rate is 92.9% (94.9% rate of 84.2%. This clearly states the benefit of using both

without false negatives which the system have necleted befange and intensity information. The increased error mate i

cause of a too high uncertainty. A total of 2.1% of the se- mainly due to the fact, that the points included in the mo-
guences are false negatives). The error distribution can b ion cloud are not perfgct!y located at th? arms but stre_stche
seen in the confusion matrix in figu In comparison, ackwards as shown in figuBe These miss-located points

when only testing on sequences fréfnwe obtain a recog- causes impact on the primitive descriptors, and hereby lead

nition rate of 95.8%. to errors.
1 5 3 4 5.2. Unknown start and end time
1 Pointright| 933 ] 0.0 | 5.0 | 1.7 For each sequence we add "noise” in both the beginning
2. Raisearm | 0.0 | 95.0 | 00 | 5.0 and end of the sequence. By doing so, we introduce the
3. Clap 00 | 1.7 1933 | 33 realistic problem of having no clear idea about when a ges-
4. Wave 00 | 1.7 ] 1.7 | 90.0 ture commences and terminates which would be the case

Figure 8. Test results (given in percentages) for the 4 gestu N @ real situation. To achieve a test scenario that resem-

recorded from a ©and 45 viewpoint with respect to the cam- bles this situation we split the gestures into halves and add

era. one of these half gesture to the beginning and one to the

end of each gesture to be processed by the system. The

No significant increase in error can be observed whenadded half gestures are chosen randomly resulting in un-
training and testing on sequences from different viewpsint  known start and end point of the real gesture.



1 2 3 4
1. Pointright | 883 | 1.7 | 6.7 | 3.3
2. Raisearm | 0.0 | 90.0 [ 5.0 | 5.0
3. Clap 67 | 50 | 81.7 | 5.0
4. Wave 83 5.0 6.7 | 80.0

Figure 10. Test results when the start and end time for easthirge

are unknown (given in percentages) for the 4 gestures redord

from a @ and 45 viewpoint with respect to the camera.

Figure10 shows the confusion matrix for the test results
with unknown start and end time. The overall recognition
rate for this test is 85.0% (85.4% without false negatives),

and when only testing on sequences frofnwe obtain a

recognition rate of 87.5%. The errors are the same as before
but with some few additional errors caused by the unknown
start and end time of the gestures. Especially, some "clap”

(2]

(3]

(4]

(5]

and "wave” gestures seem to cause falsified classifications. [6]

Additionally, the quantity of false negatives is reduced to

0.4%, and instead replaced with false matches.

6. Conclusion

The contributions of this paper are twofold. Firstly, we
show how the 3D data of a range camera can be stabilized

(7]

by using the intensity image of the range camera to define a [8]

robust region of interest for the 3D data. This is valid espe-
cially in situations where the object of interest has consid
erably motion and steep 3D gradients. Secondly, we show
how gesture recognition can be made view invariant through [
the use of 3D data and a spherical harmonic context repre-
sentation. Furthermore, for the gesture recognition gyste
we also address the problem of not knowing when a ges-
ture commences and terminates. This is done by recogniz
ing the gestur@otthrough a trajectory based approach, but

10]

by representing a gesture as a sequence of discrete primirll]

tives. The presented approach is trained on gestures from

0° viewpoint and tested on gestures seen from B6tand

45° viewpoints. The overall recognition rate is 92.9% with [12]

known start and end time of gestures, and 85.0% when the
start and end time are unknown. These results state the ro-

bustness and view invariance of the system.
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