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Abstract Classification and recognition of human activity
is an important field od computer vision based human mo-
tion analysis. The main problem of human motion analysis
is the great complexity of human motion, which is rooted in
the complicated structure of human body itself. In this paper
we explore an alternative view of human motion analysis,
which is based on the concept of human motion scale. This
concept allows analysis of important issues in computer vi-
sion based human motion analysis that have not been suffi-
ciently explored in the related work. In this paper we focus
on one particular issue: the appropriate level of detail for a
particular human activity classification task. For our experi-
mentswe used a video database of recorded squash matches,
which have been processed using simple blob tracker under
human supervision to obtain positions of players during the
whole match. Digitized recordings were annotated by sports
experts to provide data about two types of player activity.
Annotations are used as a ground truth in our experiments.
Results confirmthat the choice of the level of detail onwhich
human motion is observed may play crucial role in the effi-
ciency of the classification algorithm. Additionally, we show
that our findings are consistent over the whole database of
18 sets of squash play, which were recorded at different tour-
naments with different players.

1 Introduction

Analysis of human motion is a challenging problem mainly
because of complexity of the motion. Many researchers
work in the field of computer vision based human motion
analysis. This is reflected in severa surveys on this topic
[1, 5, 4, 11], covering various areas of the field. The field of
human motion analysis can be roughly divided into two ar-
eas. human motion acquisition (tracking) and classification,
recognition and detection of human activity. Although most
of the algorithms that deal with human activity classification
work on top of the various tracking methods, thisis not nec-
essary the case, asin [13]. Possible applications of human
motion analysis algorithms range from automatic annotation
of sportsvideo, human-machineinteraction to thefully auto-
mated security systems. Many researchers[3, 2, 8, 9, 6] re-
port high recognition ratesfor their particular activity recog-

nition problems. These solutions employ complex and so-
phisticated algorithms, which match the complexity of hu-
man motion to the degree needed for particular problem.

However, there are many issues that have to be resolved
before such systems are put into widespread use. Since most
of the human tracking algorithms actually measure human
motion, it is surprising that most of the researchers did not
perform adequate quantitative analysis of measurement er-
rors. When such analysis was performed, as for example in
[7], researchers quickly discovered the problem of ground
truth definition, which is closely related to the complex na-
ture of human motion. When real-world applications are to
be devel oped, the apparently simple questions, such as What
does it mean " running” ? What exactly is” standing still” ?
become much more difficult to answer.

These questionsimplicitly require the definition of obser-
vation scale, on which particular method observes human
motion. In the next part of the paper, we will define the con-
cept of human motion scale and show how it relates to the
already established classification of human motion analysis
algorithms. In the central section of our work, we will il-
lustrate our hypothesis that the choice of the right scale may
play avital rolein the performance of asimple activity clas-
sification algorithm, using the sports domain data. Before
concluding the paper, we will present results, which show
that our findings are consistent over the large database of
human motion data.

2 Human motion scale

Classification of video-based human motion analysis tech-
niquesis not uniform and largerly depends on interests of a
particlular author [1, 5, 4]. There are some common points,
for example the division to two large areas of motion analy-
sis (analysis of whole body motion vs. analysis of motion of
the body parts), since these two problems are seen as funda-
mentally different.

Such classification forms a basis for definition of human
motion scale. Analysis of whole body motion looks at the
human on the large (coarse) scale, essentially representing
its position with a single point. Tracking of the body parts
looks at a human at smaller (finer) scale, looking for de-
tails. Analogy with the classical scale-space [10] example
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of "looking at the trees” vs. "looking at the forest” is obvi-
ous.

Scal e-space representation of the world asserts that some
properties of the observed object appear only when observed
at a proper scale. In scale-space, every observation has ad-
ditional parameter - scale §. It should be noted, however,
that human movement is a complex spatio-temporal phe-
nomenon which has at least two spatial and one temporal di-
mension and the scale of observation is defined by a number
of parameters - resolution, sampling rate, width of observa-
tion windows and similar. The definition of human motion
scaleis shown in Figure 1.
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Figure 1: Human motion scale as seen from computer vision per-
spective.

In the real world, the observer never sees the full scale
of the motion. The visible interval of scale is determined by
camera setup and geometry (zooming in reveals finer scales
of motion) and the sensor resolution - observer cannot see
the details that are below the resolution of the CCD chip or
are faster than video acquisition frame rate.

Such representation of human motion offers possibility
for classification of human motion analysis methods, based
on the observed object - human body, regardless of their ac-
tual implementation. For example, whole-body tracking of
peoplein aparking lot for security purposes operates mostly
in the coarsest part of the scale, observing just statistical
properties of human motion. Tactical sport analysis operates
onadlightly finer scale, recording positions and vel ocities of
players during the match. Gesture recognition observeseven
finer motion of arms and fingers.

Computer vision based human motion analysis algo-
rithms essentially try to focus on the desired interval of the
scale, which provides the most usable information. The
structure of algorithm and its parameters roughly determine
theinterval of scale that is visible to them.

2.1 What istheright scale?

In the case of tracking, the scale of interest should be the
basic specification, determined even before the algorithm is
developed. Different tracking methods are focused to differ-
ent scales, as demonstrated in [7]. They may be very accu-
rate within its scale of motion, however if the observation
scaleiswrong for the particular application, they will be la-
beled as inaccurate. Example is provided in Figure 2.
Diagrams, shownin Figure 2 show the vel ocity and accel-
eration data, provided by two different systems when mea-
suring the motion of the body of a human, following the tri-
angular trajectory. The biomechanical motion analysis sys-
tem (APAS, manufactured by Ariel Dynamics, Inc.) is at
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Figure 2: Output of two different tracking systems, measuring the
same motion of person, following the triangular trajectory. Dashed
line represents the output of the very accurate biomechanical mo-
tion analysis system, while the solid one represents the output of a
simple blob tracker.

|east ten times more accurate than the other system, whichis
simple blob tracker. Both systems provide the data about the
motion of the human gravity center, projected on the ground
plane.

L et us consider the problem of reconstructing the activity
of the human, which has been measured by these two sys-
tems. The output of the second system (solid line) is much
easier to interpret. It isvery clear that it corresponds to the
run along the triangular trajectory. Three major accelera-
tions and deccelerations are clearly visible. On the other
hand, high accuracy of the biomechanical motion analysis
system only introduces irrelevant information into the big
picture - the velocity and acceleration graphs include many
subtle motion details. Individual steps of the person running
are clearly visible.

Clearly, this data can be interpreted as three intervals of
straight motion with three rapid turns, or, as number of fast
accelerations and deccelerations quickly following one an-
other. An important lesson can be drawn from this. the data
with high level of detail is not always better - the choice of
the right scale depends on the particular application.

In action recognition, theissue of the right scale becomes
even more difficult. Most of the algorithms for action recog-
nition focus on the single scale. For example, [2] operates
on thetrgectories of several larger body parts. Slightly finer
scale (movement of arms) is observed in [8]. Sometimes,
algorithms explicitly normalize video sequences around the
perceived body center to suppress whole-body motion [6, 9]
and discard the trajectories. Field of motion vectors across
the whole human body is observed in [3], capturing wider
range of scales, although their individual contributions to
action detection are not clear.

The right scale for human action recognition should be
defined as the scale that contains useful information for par-
ticular action recognition problem. Furthermore, it may be
possible that simultaneous observation of human motion on
severa clearly defined scales improves the recognition per-
formance. For many action recognition problemswe simply
do not know which scales carry essential and usable infor-
mation. Therefore, for the recognition system to work in
practice, it should learn the desired scale of motion in some
automatic way.
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3 Experimental setup

Our experimental domain is a squash match. Squash is an
indoor racquet sport, played on awell illuminated 9.75 x 6.4
m court by two athletes. Player wins the match by winning
three sets. As most of the sports, squash has well defined
rules and long record of research focused on player move-
ment. Large amount of previous research makes sport an
ideal test ground for human motion related experiments.

Each sguash match is divided into sets, which may last
from a few minutes up to 20 minutes or even more. In co-
operation with sport experts we obtained digitized datafrom
several matches, 18 sets total. They have been digitized at
384 x 288 pixel resolution and 25 frames per second. The
recordings have been made on two different tournaments
with different players.

Figure 3: One frame of input video and a thresholded difference
image.

3.1 Input data

Digitized video recordings of al sets have been processed
to obtain trgjectories of both players. The system was cali-
brated to provide position data in the court coordinate sys-
tem. Position of players on every frame of the video was
obtained by simple background subtraction tracking algo-
rithm, which used the image of empty court as a reference.
Figure 3 shows one of the frames from the video database

and the corresponding thresholded difference image. Ob-
tained player positions are marked with crosses. All track-
ing has been performed under supervision of a sport expert
to prevent the tracker from switching the players.

3.2 Trajectory preprocessing

The sampling rate of obtained trajectories equal sto the sam-
pling rate of input video — 25 samples per second. To reduce
noise in trajectories and increase the accuracy of velocity
measurement, we smoothed the obtained trgjectories using
the Gaussian shaped kernel, which is shown in Figure 4. We
processed x and y components of the trajectory separately,
treating them as one-dimensional time-dependent signals

Np
, 1 s
z'(t) = m72\7 z(t +14) - G(3), Q)
1 Jr
v = mv; y(t+19) - GG,

where 2N + 1 denotes the width of the kernel, =’ and 3/
are the smoothed components of the trajectory, and = and
y are the components of the raw trgjectory. G is the set
of Gaussian coefficients which define the shape of the ker-
nel. The precalculated set of 2N + 1 coefficients in the
range of Gaussian function (—3c,30) was used. Kernel
width 2N + 1 is directly related to the intensity of the
smoothing. Higher Ny yields smoother trajectories. After
trajectory smoothing, velocity is obtained by differentiating
the both components of the trajectory over time and calcu-
lating the length of the trajectory vector for each point of
the trgjectory. Field tests were conducted to evaluate tracker
accuracy. Players were asked to follow different types of
trgjectories, marked on the court floor. In our case, we used
filter width of 11 samples to smooth the trgjectory data, and
the accuracy of the tracker was found to be as follows:

e RMS position error: under 0.4 m

e RMSvelocity error: under 0.6 m/s

The velocity data, obtained this way was the input data
for our experiments, and in the remainder of thetext werefer
to it as raw or unsmoothed velocity, despite the tragjectory
smoothing.

4 Theproblem

The main assumption of our work is that certain properties
of motion become evident only when observed at proper
level of detail —at theright scale. To illustrate this, we used
the velocity data from 18 sets of digitized video recordings,
which corresponded to 18 sets of 6 different squash matches.
Some information about each of the sets is shown in Table
1

During the match, players run around the court, trying to
hit the ball before it hits the ground for the second time. |If
one of the players fails to do this in time, match is stopped
until the next serve. The interval between the error of one
player and serve of the another is known as the " passive
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X(t)

2N+1

Figure 4: The shape of Gaussian kernel, used in trajectory and
velocity smoothing.

Set No. Duration Vactive Vpassive  Lactive[s] Tpassivels]
[s] [m/s] [m/g]
1 931 172 0.99 548 383
2 261 1.64 0.96 154 107
3 406 1.59 1.03 274 133
4 985 1.65 0.91 646 339
5 893 1.68 0.84 553 341
6 1109 1.62 0.84 666 443
7 498 1.65 0.85 282 215
8 568 171 0.80 416 150
9 791 1.59 0.81 492 297
10 720 1.63 0.89 442 277
11 946 153 0.91 569 372
12 673 1.56 0.84 408 265
13 1101 157 0.89 638 458
14 756 1.46 0.83 426 330
15 586 1.61 0.78 336 250
16 530 157 0.81 261 269
17 523 1.70 0.79 254 269
18 593 1.74 0.96 379 214

Table1: Set durations, average velocities of both playersfor active
and passive phases and the total time spent in each of the phases.
For this calculation, expert annotations were used to distinguish
between the phases

phase” in sport science, and the time when players run and
play is known asthe " active phase’.

Partition of the play to active and passive phasesisimpor-
tant in match analysis, since the statistics (velocities, track
length, duration) should be collected for each of the phases
separately. The goal of our analysis was to automate the
partitioning of match into active and passive phases. Sport
experts provided manual annotation in terms of passive and
active phases for each of the sets, for the whole duration of
the sets. These annotations were used as a ground truth in
our experiments.

4.1 Themode of the play

A simple model of the squash play can be composed from
the above information. The play isin the active phase when
velocities of both players are high; the play isin the passive
phase, when the velocities of players are low. This model
may be also validated by observing the mean velocities in
passive and active phases, shown in Table 1. Therefore, it
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Figure5: Raw velocities of both playersand graph of active (high)
and passive (low) phases for small segment of set number 1.

should be possible to classify each sample of trgectory as
being part of active (w;) or passive (ws) phase simply by
arranging the velocities of both players into the two dimen-
sional feature vector and feeding it into the classifier.

5 Experiments

If we look at the velocity graph, shown in Figure 5 of both
players, it becomes clear that this simple model does not fit
well into the obtained velocity data. Players do not always
move slowly in the passive phase, and they are not always
moving fast during the active phase. The motion in both
phases is comprised of numerous accelerations and deccel-
erations, however it may be also observed that they gener-
ally move slower in the passive phase.

The two clusters of data are intermixed in feature space,
as shown in Figure 6, and classification result is poor, with
overal classification error of 32%. We used simple linear
classifier [12] with the following setup:

e Method: Linear Least Squares
e Error estimation method: Holdout
e Percentage of training vectors: 2%

e No. of redraws (to reduce the effect of training vector
sampling): 5

Itisobviousthat using raw datawe cannot see the general
principle of motion, on which our simple model is based. It
should be emphasi zed that thisis not due to measurement er-
rors or trajectory noise, since these have been dealt with in
the process of trajectory smoothing, before velocity calcula-
tion. The problem lies in the scale of observation - our ve-
locity data contains details (motion of extremities, fast, short
and sudden accelerations and stops) which obscure the gen-
eral impression how fast the players move during the each
phase. Therefore, this data has to be processed to remove
the unnecessary details.
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Figure 6: Feature space for raw velocity dataand classification re-
sult for set number 1. Active phase samples (w1 ) are represented by
circles, and passive phase samples (w2) are represented by crosses.
To preserve graph clearness, only 2% of samples are shown.

5.1 Removing the details

We may remove subtle and unnecessary details from the
motion data by additionally smoothing velocity data. The
procedure and notation follows the description of trajectory
smoothing, as specified in Equation 1, only this time the
raw velocity datais smoothed, using the kernel of particular
width.

To establish the right observation scale—the right amount
of smoothing, which is controlled by kernel width 2N +
1, we performed the number of experiments on each and
every set from our database. The smoothing kernel width
was varied from 0 samples (no smoothing) to 1000 samples
in steps of 20 samples. Note that the sampling rate of both
trgjectory and velocity data is 25 samples per second. The
classification was performed in each step, and classification
error was observed.

6 Results

Figure 7 shows the dependence between the classification
error and smoothing kernel width for one of the sets from
our database. With increased smoothing the classification
error is significantly lowered. However, from the particular
kernel width on, error increases again.

Best filter width, which is related to best scale of obser-
vation may be read from those results. Distribution of such
samplesin feature spaceisshownin Figure 8. It isclear that
in this case samples form only partially overlapped clusters,
which decreased classification error by half in comparison
to the samples of raw velocity.

Graph of smoothed velocitiesis shown in Figure 9. Such
data clearly shows the intervals of low and high velocity,

Set: czaskal Min. error =0.16  width opt = 220
T T T T T

Classification error
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Figure 7. Relation between smoothing kernel width 2Ny + 1
and classification errors for set number 1. Error for active phase
samples (w1) is marked with circles, and error for passive phase
samples (w2) is marked with crosses. Overall error is represented
by the solid line. Vertica line marks the smoothing kernel width
which produces the smallest overall classification error.

which roughly correspond to the passive and active phases
of the squash play.

Experiments were performed on all 18 sets of data, and
the results are shown in Table 2.

Set No. Error (raw) Error Opt. kernel  Average
(smoothed) width [sam-  phase
ples] duration
[samples]
1 0.32 0.16 220 306
2 0.29 0.16 320 242
3 0.32 0.18 300 254
4 0.25 0.12 180 362
5 0.24 0.13 160 328
6 0.26 0.13 140 347
7 0.29 0.17 120 270
8 0.17 0.10 80 406
9 0.25 0.12 260 271
10 0.25 0.12 340 346
11 0.27 0.16 300 364
12 0.27 0.16 100 336
13 0.30 0.15 200 278
14 0.38 0.19 360 350
15 0.26 0.14 220 293
16 0.28 0.17 200 288
17 0.24 0.13 240 311
18 0.26 0.12 300 280

Table 2: Overall classification errors for raw and optimally
smoothed velocity data, optimal smoothing kernel widths and av-
erage phase durations for each of the sets.

It is obvious that classification results are consistently
better, when the right amount of smoothing is applied to ve-
locity data. Relation between smoothing kernel width and
classification errorsisin all sets similar to the graph, shown
in Figure 7. It can be seen that in most sets the optimal ker-
nel width liesin the interval between 100 and 300 samples.
In thisinterval the classification error does not vary signif-
icantly, as shown in Figure 7. We believe that the arbitrary
choice of smoothing kernel width within this range would
not significantly affect the classification error. Additionaly,
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ClassfError(phl) = 0.15 ClassfError(ph2) =0.17 ClassfError(overall) = 0.1€

Smoothed velocity of player B
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Figure 8: Feature space for optimally smoothed velocity data and
classification result for set number 1. Active phase samples (w1)
are represented by circles, and passive phase samples (w-) are rep-
resented by crosses. To preserve graph clearness, only 2% of sam-
ples are shown.

the optimal filter widths and average phase durations are of
the same order of magnitude.

7 Conclusion

In this paper we addressed the problem of finding the right
scale for a particular problem in human motion analysis.
Our results show that the motion data with higher level of
detail is not universally better, since it may obscure the im-
portant information with large amount of irrelevant data. We
have shown that in our example, which is an activity recog-
nition task in the sport play, the desired scale remains ap-
proximately the same, even if motion of different personsis
observed at different times and in slightly different circum-
stances. This underscores our conclusion that the choice of
right scale in human motion analysis remains primarily tied
to the nature of particular human motion analysis problem
and can be formulated with the question ” What do we want
to see?” .
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