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ABSTRACT

Automatically extracting previously unknown behavimatterns
from videos that track animals with various physicanditions
can accelerate our understanding of animal behanaod their
influential factors, resulting in major medical aretonomic
benefits. Unfortunately, extracting behavior patsefrom videos
recordings remains as a very challenging task duetheir
extensive duration and the unstructured naturess Tsk is
further complicated in a completely darken animafes with
inconsistent infrared lighting, moving reflections;, other cage
debris such as the cage bedding. In this researelpropose a
new motion model that enables us to measure thédasims
among different animal movements in high precisism a
clustering method can correctly separate recurrmgzements
from infrequent random movements. More specificallyr model
first transforms the spatial and temporal featucésanimal
movements into a sequence of color images, refeaexscolor
motion maps (CMMs). The task of mining recurring behavior
patterns is then reduced to clustering similar cabeages in a
database. We will use a real infrared video to destrate the
capability of our model in capturing distinguishédit brief
animal movements that are embedded within a seguehother
animal movements.

Keywords
Binary motion map (BMM), color motion map (CMM), loo
autocorrelogram.

1. INTRODUCTION

Observations of lab animal behaviors have beemtiistly used
to understand animals and their interactions witkirenment.
While labor and time intensive, behavioral obsaorahas been
employed in studying adverse effects of new drugsboain
functions, learning and memory, depression, and eroth
neurological disorders [1], [4], [5], [7]-

Electronic monitoring of animals offers an alteimatin screening
different animal activities. For example, a sermoswitch may be
attached to sensatory devices such as running ywivatdr bottle
or cage floor to monitor running, drinking or wailki activities.
However, since sensors can only detect the presgram@mals in
a specific cage area, many previously unrecogriisddviors can
remain undetected under this approach.

With advances in digital image technology, suresile cameras
can be easily mounted on an animal cage to indigtately and
continuously track all movements that an animal hhighake.
Unfortunately, current approaches rely heavily a@tation-
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specific knowledge, not animal movements, in extinac
predefined activities from videos [4], [7]. For exale, biologists
must manually specify which artificial region of amimal cage
corresponds to what activity so an analysis programlabel each
video image with a predefined animal activity basedanimal’s
location in the image. As a result, errant andtflating activities
may be generated by the program whenever animalss dhe
boundary of artificial areas which may vary in eaege. Hence,
automated detection of animal activity remains agry difficult
task.

Our goal in this research is to develop an efficigpproach that
can recognize subtle animal activities that coudl lme obtained
before. In order to achieve this goal, we needwa medel that

not only can effectively capture the spatial anmdgeral features
of animal movements, but also can be efficien@ynsformed into
guantitative motion descriptors for further minimgocesses.
Additionally, this new model must be robust ancifiée enough

to handle the noisy videos that are contaminatethbgnsistent
infrared lighting in an otherwise dark cage, movieflections or

shadow cast by animals, or other debris cluttech @s the cage
bedding.

Under our approach, the bright intensity of the HSlue-
Saturationtntensity) color space is first extracted from ewicleo
image and converted into a black-and-white imagsabge there
is no color information in an infrared video. Theastal
movement cast by animals over two consecutive vit@ues can
then be easily obtained by using an XOR-operatga.refer the
output produced by each XOR-operation dsrary motion map
(BMM) because it reflects the spatial movement in aargin
format. If we stackv number oBMMs together, each element of
the stackedBMMs will containw binary numbers that can be
treated a color. As a result, the staclBMs become a color
image, or acolor motion map (CMM), that contains both the
spatial and temporal information about the body emeents in a
durationw. Next, the spatial correlation of colors in ed@kM
can then be measured as a numeric vector whichniescadhe
signature of eacBMM.

In other words, the spatial and temporal featurésamimal
movements within a temporal period are first cagduas a color
image. The features embedded in each color imagettan
transformed into a numeric vector by measuring spatial
correlation of colors in the color image. As a tgsthe task of
mining recurring behavior patterns can be reducethé task of
clustering similar color images in a database. Vileuse a real
infrared video to demonstrate the capability of emodel in
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capturing distinguished but brief animal movemettiat are
embedded within a sequence of other animal movesment

This paper is organized in the following sectioi®ection 2

reviews related works. Section 3 discusses in lditaiproposed
motion model. The time and space complexity of madel are
also analyzed in this section. Section 4 expldiesprocedures in
clustering motion patterns and creating meaningésicription for

each cluster. We present experiment results ini@®ed and

demonstrate the capability of our model in capidistinguished
but brief animal movements that are embedded wihsequence
of other animal movements. Section 6 concludespéyer.

2. Related Work

Using computer vision technology in tracking animavements
can serve as a powerful tool for monitoring serticeges in
potential bioterrorism targets and chemical ageasearch
facilities. Authors in [4] used top-mounted cametasmonitor
fishes in a fish tank that is contaminated by actagentMS222.

The goal of this work is to study the behavioralewdtions
relevant for ecotoxicological assays. This studyngared the
velocity, total distance traveled, space utilizataf fishes in the
contaminated and uncontaminated fish tanks. Howetee
approach used in [4] relied on the location-spedifiowledge of
the fish tank because it divided each fish tanlo iseveral
artificial areas for tracking fish movement.

Authors from the Stanford University and MontereyayB
Aquarium used underwater cameras to study jelly 8. The
goal of this project is to understand the body moet of jelly
fish so lead information can be generated to gtlideunderwater
cameras in following the target jelly fish. Few stiig types of
jelly fish motion are first defined as motion statand the
relationships between these motion states aredbenected as a
finite state machine (FSM). Hence, this work is built based on
predefined motion knowledge of jelly fishes. An @i¢ghm was
constructed to recognize jelly fish movement by ahitg real-
time video frames against the predefined motiotesta

There are two unique features in the study discliss¢2]. First

feature is that a camera is used to track multipilee in a single
cage. The second feature is that the camera isglat the side of
a cage, not mounted on the top of a cage as in oficstidies, to
capture the side view of animals. Authors showeal ttheir

algorithm, based on affine transformation, can terean

approximate blob that continuously follows indivadumouse. An
algorithm is developed to classify the shape festwf each blob
into one of the four well-defined mouse activiteeech as moving
and drinking.

Authors in [6] designed a system which can sepanatenal
motions from abnormal ones in a video. Under tapproach, the
amount of motions in a video frame is first computes a 2D
motion matrix by taking the color differences betwehis video
frame and a pre-selected background frame. Thértmtton of a
video frame is then computed by summing the moitiothe 2D
motion matrix. The locality of motion is also conted by
summing the values in the individual rows and calarof the 2-
D motion matrix. A clustering method is then usedltester these
features into different activities. Unfortunatehanges in cage
bedding made by animals can be falsely identifie@ anovement
if motion information is obtained by comparing vidigames to a
pre-selected background frame. Moreover, althougitain

motion locality can be obtained by summing the omiin rows
and columns of a video frame, detailed body moveriselost in
this approximate computation.

3. Motion Model and Motion Descriptors

As described in Section 1 an effective motion desor that can
closely characterize the spatial and temporal featwf animal
movements is needed so a clustering method cantdetquently
recurred animal movements from the descriptorsaetéd from a
video. We first explain the underlying conceptsoafr motion
model in Section 3.1. The method in extracting thetion
descriptors from the proposed model is discuss&kation 3.2.

3.1 Proposed Motion Model—Binary and

Color Motion Maps

Under our approach, the bright intensity (of thel ld8lor space)
is first extracted from each video frame image beeahere is no
color information in an infrared video. A threshadathen applied
to convert the brightness values in each video drarto a black-
and-white image. Note that although the selectibrdifferent

thresholds may result in different black-and-whiteages with
different distributions of noises, the impact ofises can be
greatly reduced by our motion model as we will explater.

The spatial feature of animal movement can thenehsily
captured by XOR-operations which compare the picglixel

differences between two consecutive frames. We thfe output
produced this operation asiary motion map (BMM) because it
represents the animal’'s spatial movement over tasecutive
time units in a binary format.

Formally, each pixel at thé" row and thec™ column of aBMM
constructed from the two consecutive black-and-evinitagesl,
andl is denoted as

BMMq(r, ) = Iy(r, €) O lyq(r, €)

We use the following figures to illustrate this omton. Let
Figure 1 be a sequence of six-second binary (kdackwhite)
video frames that are converted from an originfdaned video.
To simplify our discussion, we focus our attentionly on the
pixels that are in the upper-right and lower-ledtreers of each
video frame.

TiMe 1 m— Time 3

1 0 0

1 1 1
Time 4 » Time 6
0 1 0

0 1 1

Figure 1. Consecutive video frames over six time is.
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If we apply the XOR-operation to every consecutpar of
images in Figure 1, we obtain a sequenceBiMs shown in
Figure 2. Again, we show only on the pixels that iarthe upper-
right and lower-left corners of ea@MM in Figure 2.

BMM 1 1

BMM 0

Figure 2. Binary Motion Maps (BMMs) computed from Figure
1.

If we stackw (w = 1) number ofBMMs together, the stacked
BMMs can now be treated as a color image, i@ motion map
(CMM), that contains both the spatial and temporalriédion
about the body movements in a duratiwn Moreover, we will
later prove our hypothesis through a series of ex@ats that
different movements will result in different colonages CMMs)
and similar movements will result in similar colamages
(CMMs). That is, after constructirgMMs from a video, we can
reduce the task of mining recurring behavior patigo the task
of clustering similar color images in a database@svill show in
Section 4.

Formally, if we stackw number of BMMs (i.e. BMM;.y,
BMM, 1, ..., BMM;4) together at time (t > w), each pixel at
ther row and the™ column of aCMM, is denoted as

W
CMM(r, ¢) = Z BMM,(r, ¢) x 20D
=

For the first few frames in a video where w, CMM(r, ¢) = 0
(i.e. white color, no motion). Note that th&2 computation in
the above stacking formula can be efficiently impémted by a
sequence of bit-shift operations. Similarly, fiecomputation in
the above formula can also be easily implemented bgquence
of bit-OR operations. As a result, each pixel @M must be in
the range of 0 to ‘21, wherew is the number oBMMs being
stacked together.

For example, after stacking together the uppertrigiiels of
BMMs in Figure 2, the stacked binary number is 10018ickv
can be interpreted as a decimal unsigned integer Tif}s
unsigned integer can serve as an index that refeseio a specific
color (i.e. green) defined in a customized coloprahown at the
right edge of Figure 3. Similarly, after stackinggeéther the
bottom-left corner pixels dMMs in Figure 2, the binary number
is 00110, or an unsigned integer 6, which referertoea pink
color in the color map. Note that a color map carckeated such
that a lower index value (i.e. lighter color) ingies a more recent
movement in &£MM.

30

25

19

1a

CMM

Figure 3. Stacking Binary Motion Maps (BMMs) of Figure 2
into a Color Motion Map (CMM).

We use the following two figures, Figure 4 and Fe&yb, to show
that different animal movements will be converteahd a
represented by very different color images undear moposed
model.

The sub-figures (a)—(f) of Figure 4 show a sequeotc®ideo
frames that were taken 500 milliseconds apart tdwee seconds,
during which the mouse was running on the wheékinage. The
frame numbers are also shown on the top of eackovithme.
The sub-figures (g)—(k) of Figure 4 shdBMMs obtained by
taking the XOR of the black-and-white images cotegrfrom
sub-figures (a)—(f). For example, sub-figure (gFddure 4 is the
XOR-result of the black-and-white images of suh#fas (a) and
(b), and sub-figure (h) of Figure 4 is the XOR-llesd the black-
and-white images of sub-figures (b) and (c), etdb-gure (I) is
the CMM obtained by stackinBMMs from (g) to (k) of Figure 4.

(h) @ 0}

(©)} () 0}

Figure 4. (a)—(f) show a sequence of video framas\hich the
mouse was running on the wheel. (g)—(f) areBMMs
constructed from (a) to (f). (I) is theCMM constructed from (g)
to (k).

Similarly, Figure 5 shows another 3-second videgusaece
during which the mouse got off the wheel and motdard the
other end of its cage.
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21182 21184 21185

21183

{

Figure 5. (a)—(f) show a sequence of video frameswhich the
mouse left the wheel and moved toward the other endf the
cage. (g)—(f) areBMMs constructed from (a) to (f). (I) is the
CMM constructed from (g) to (k).

(h) 0} 0

@

(k) 0}

Finally, under our model, we will compute BMM for each
consecutive pair of video frames, and stack evegonsecutive
BMMs together to generate a sequenc&€MMs. For example,
frames 21180 to 21185 shown in Figure 5 are useget@rate a
set ofBMMs and aCMM shown in subfigures (g) to (I) of Figure
5. The nexCMM will be generated frorBMMs that are generated
from frames 21181 to 21186. This is generally reférto as a
dliding window approach with the window size equal wp the
number ofBMMs being stacked together. More specifically, for a
video withm video frames, we need to comp@®IM andCMM
for (m—1) and (m—w-1) times, respectively.

Note that although the sliding window approach &edi in
computingCMMs, the system only needs to keep one |aibitl
at any time during the entire video processingsTfibecause of
the following two reasons. First, a ne@MM can be easily
obtained by shifting one bit of all the pixels metcurrentCMM
followed by an OR operation to integrate the laBdiM. Second,
after constructing aCMM, the CMM will be immediately
transformed and saved as a motion vector (see sudgection).
As a result, there is no need to keep multiolMs in the
computer memory.

Sincew <<mis usually the case, the space and time complexity
generatingCMMs from a video withm frames aré(n) andO(n x
m), respectivelywheren is the number of pixels in a video frame.
The space and time complexity for computiBYyIMs are the
same.

3.2 Extracting Motion Descriptors

While Figure 4 and Figure 5 show the capabilitythad proposed
CMM technique in distinguishing different animal aittes, a
method in quantifyingCMMs into numeric vectors is needed so
that data mining techniques can measure motioriagityi of
CMMs and objectively cluster movements into variougnah
activities. Moreover, this quantifying method mus able to
tolerate noises generated by the imperfect cag&cemment and
the threshold used in converting each video frame bhlack-and-
white image as discussed at the beginning of Seétib.
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In this research, we adopt ti@olor Autocorrelogram (CAG)
approach [3] [9] in converting &MM into a vector. The basic
idea of CAG can be informally summarized as follow: First, for
each pixep of aCMM, we calculate the probability of finding the
same color from neighboring pixels pthat are at thehessboard
distance ofd. Next, the probabilities calculated for all pixelse
then aggregated into@AG vector based on individual colors. As
a result, a color autocorrelogram expresses how sihatial
correlation of colors changes with distance. A colo
autocorrelogram is different from a color histogramhich
captures only the color distribution in an imagel atoes not
include any spatial correlation information.

Next, we give the formal definition of color autocelogram. Let
M. denote a set of all possible colors in a coloriammapM. In
our case the size dfl. is 2%, wherew is the number oBMMs
being stacked together. Furthermore, itheolor in M. is denoted
asMg. A pixel p, = (X, ¥») is said to be a neighboring pixel jof
= (x4, 1) at the chessboard distartte p; — p,| if max(k; — %o|, 1
- y5|) =d. The color autocorrelogram ™ with all the possible
colorsM. is denoted as:

c?)(M)EPr“Q_pzl:d’QDMci & pzmMci]

We use the following example to illustrate the colo
autocorrelogram. Figure 6 shows two differemtd TMMs with
each pixel being either black or white (ve= 1). For each pixel
P the probability of finding the same color in itemediate
neighbors (i.ed = 1) is also displayed. Note that the neighboring
pixels that fall outside theCMMs are not counted in the
probability calculation since their colors are pmsbly
unknown. For example, there are three pixels, (P21, P22) at
distance 1 from the pixg ;, the pixel at the top-left corner of the
left CMM. Since the color of, ; is white and there are two white
pixels among its three neighbors, the probabilify pg; is
calculated as 2/3. il = 2, the neighbors qd;,; areps s, P23, P31
P32, P33 and the probability ob; ; is 4/5.

23| 35| 45| 23 23 | ¥S |35 | 23
W5 | 6/8 | W8 | 4/5 &5 | U8 [ 18 | 45
2y |35 | 45| 23 U3 | X5 |35 23

Figure 6. Two simpleCMMs and the probabilities of finding
the same color in the immediate neighbors of eachixel.

After summing up the probability from each pixelsbd on
individual colors, the finaCAG vector for the [eflCMM is: V| =
<0/8, 842/120>, indicating the spatial correlatadrthe black and
white colors in the [efEMM. The CAG vector for the right image
is Vg = <2/8, 800/120>. Obviouslyy, # Vi because these two
CMMs are different.

Next, we use real video frames shown in Figuredi Rigure 5 to
demonstrate that different behaviors in a video leadl to very
different CAG vectors. Figure 7.(a) and Figure 7.(b) give @&

vectors that are derived from tl®Ms shown in Figure 4) and
Figure 5.(), respectively. As we can see that @&G vectors of
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the two different mouse activities appear veryatéht. Note that
since color 0 is the dominated white backgrounarcof CMMs,
the probability of finding white neighboring pixeis relatively
high as indicated in Figure 7. Hence, we zoom irsttow the
detailed probabilities of colors 2-31 in Figure 7.

(@) |

'15
F 10
0.005 - \J/A\L\//\\/A\L —
ML\ T
. ‘ ‘ .

20 25 30

0.035

Ajigeqoud

I30
25

Aligeqoud

Figure 7. (a) CAG vector of Figure 4 (mouse running on the
wheel). (b)CAG vector of Figure 5 (mouse moving in the cage).

There are few important advantages in transfornar@viM by
using the color autocorrelogram approach. The &idstantage is
that theCAG vectors can be efficiently computed: From the &ov
discussion, we know that we need to search the saroe for
each pixel in its maximum>® neighbors. Hence, the complexity
for computing aCAG vector from aCMM of n pixels is Ofxd).

As a result, the complexity of generating all @&G vectors from

a video withm frames is Qfxnxd).

The second advantage 6AG is that it is invariant to rotation
while retaining the spatial correlation of colorsdn image [2].
For instance, we will obtain the sarf®G vectors even if we
rotate the images in Figure 6. This feature is vergortant in
identifying similar/dissimilar motions for the follving reason:
although the same movements that occur toward reliffe
directions at different locations may appear adedsht color
images, these color images should have the sameifpsimilar)
color correlations and be converted into the saores{milar)
CAG vectors. The distance (dissimilarity) between t@AG
vectors will increase only if the correspondiGlyiIMs have very
different color correlations that represent differactivities.

The third advantage is that the impact of noiseiiteos can be
decreased during tHeAG computation. This is because the noise
caused by inconsistent infrared lighting or othactdrs usually
appears at random locations in different video &anThis spatial
and temporal randomness make @&G computation harder to

Volume 8, Issue 2

find the same color in the neighbors of noise gixetducing the
influences of noise pixels in the fin@AG vectors.

As we explained before, it is unlikely the colot@orrelogram
will assign similarCAG vectors to represent very different animal
movements. However, it is possible that differ@&G vectors
may be computed for slightly different animal mowsris that are
considered as similar by human beings. For exampldle
biologists may consider there is only one type oboging
activity, this activity may generate differeBAG vectors due to
the speed and the shape of body movement. Thig isan be
addressed by the users when they attached meanamgfatations
to the video frames which we will discuss in thetreection.

4. Clustering Motion Descriptors into

Meaningful Behavior Patterns

After generatingCAG vectors from a video, the task of mining
recurring behavior patterns can now be reducechéotaisk of
clustering similar color images that are represknty CAG
vectors in a database. In this section we explaw to cluster
CAG vectors and annotate each cluster (and its caestitvideo
frames) with useful descriptions. Figure 8 sumnewizthis
process. The circles in Figure 8 indicate the sudg of the
mining process, while the boxes represent the duaittities
produced by those sub-tasks.

Surveillance Computd-representative
videc ideo frames for each cluste
Representativg
ComputeBMMS/CMMS; P
frame:

Generat¢CAG vector:

ﬁ
Enter descriptionx\\y-. / /
R

[N

CAG vectors

k-means clustering

k clusters

r each clu

Annotated video
for further

behavior study

Figure 8. Summarized clustering process.

In Figure 8, each pair of consecutive gray-scatle@iframes are
first converted to 8MM, and each sliding window af BMMs
are attached together to formCMM and a correspondinGAG
vector is extracted and saved in a database asisgasded in
Section 3.

A k-means method is then used to clusterGA& vectors intok

clusters. Note that scientists may not have prioowkedge of
how many distinct behaviors an animal with diffargrysical

conditions may display. Hence, the purpose of ugirgeans
method in our clustering process is not to exteaetctly k-types

of different behaviors. Instead, the purpose isstonmarize a
prohibitedly long video into a manageable numberchifsters
such that each cluster contains similar video feamvi¢th highly

similar animal movements.
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Thesek clusters enable scientists to focus their attestion
studying the few representative frames extractech feach cluster
and creating meaningful annotations (in naturalglege) for
each cluster. The annotation created for each esluist also
automatically attached to each video frame belandio the
cluster. Figure 10 to Figure 13 in the next sectiwow some
sample video frames that are automatically anndtati#h the
descriptions entered by a user. The annotationscaged with
video frames can also be saved into a databaseuftmer
behavioral analysis.

The representative frames of each cluster can bematically
selected by the following steps. First, the cenfegach cluster is
calculated by averaging all th€AG vectors in the cluster.
Secondly, thd-nearest vectors to the center of each cluster are
then identified as representative vectors of edokter. Finally,

the video frames correspond to those representaticeors are
displayed to assist scientists enter meaningfutrion for each
cluster. If a cluster has less thavectors, movements in the video
frames of this cluster can also be identified as teehaviors or
outliers.

5. Experiments

In this section we apply our approach to extratiaveor patterns
from a 30-minute surveillance video to demonstrate

applicability of our approach. We also compute pecision of
our approach at the end of this section.

In this experiment, we set our system to take @&widhot every
second and set the sliding window size wo = 3. More
specifically, our system stacks every three cortsezBMMs
together to form &MM (with maximum 3 different colors) and

to generate £AG vector. We then use thlemeans method to
createk = 100 clusters and compute their centers. For each
cluster, our system displays= 3 representative frames and asks
users to enter a short description to describe dhamal
movements in the cluster.

(@)

11®)

Figure 9. (a) Three representative frames of cluste2. (b)
Three representative frames of cluster 36.

Figure 9 (a) and (b) show the three representdtames for
cluster 2 and cluster 36, respectively. Althougbsthframes are
clustered into two clusters based on th€AG vectors (i.e.

SIGKDD Explorations

CMMs), they simply show different stages of wheel-ingn
activities. Hence, we enter the description “whe@t both
clusters. If more detailed separation on the gémnenael activity
is needed, different descriptions, such as “slovesaltactivity”
and “fast-wheel-activity”, can also be entered fadividual
clusters.

After entering descriptions for all clusters, stisis can then
study the videos that are automatically annotatdth whe
descriptions. We use next few figures to show fearsperiods
within the 30-minute video that contain differenbuse activities.

(@)

Act whe

Act wheel.

al.
cluster=2 Frame: 38 cluster=2 - Frame: 41
x10" x10° x10"
25 25 25
2 2 2
iLf5 15 iLf5 (b)
1 1 1
05 0.5 05
0

0 0

0 5 10 O 5 10 0 5 10

Figure 10. (a) “wheel” activity that comes from twodifferent
clusters (2 and 36) over a three-second period. (Bhe plot of
the CAG vectors from these three frames.

Figure 10.(a) shows the mouse running on the wheef three
consecutive video frames (3 seconds). TA¢ vectors of these
frames are also given in Figure 10.(b). Note tH#toagh the
descriptions for these frames indicate the “wheslivity, these
frames actually belong to two different clustersdiese theCAG
vector derived from the frame 40 is different frone vectors in
the two other frames.

Similarly, Figure 11 and Figure 12 show two differéinds of
mouse activities: grooming and quite (inactive).

Act groom.

cluster= 48 Frame: 612 |cluster= 15 Frame: 613 |cluster= 49 Frame: 614

Figure 11. Grooming activity over a three-second ped.
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cluster= 26 Frame: 4391

cluster= 38 Frame: 482 |cluster= 38 Frame: 493

Figure 12. Inactive mouse over a three-second pedofrom
frame 491 to 493.

Figure 13 at the end of this paper (next page) shsequence of

video frames over a short 10-second period. Dutimg period
the mouse displayed multiple brief activities thet embedded in
a sequence of other movements: It started withng fmeriod of
running on the wheel (frame 905—906 and earlianés), got off
the wheel (frame 907—908), quickly turned arourrdr(fe 909),

and moved back toward the wheel (frame 910—912Y an

eventually ended up running on the wheel agaim@&13—914
and more later frames). This series of video frad@wonstrates
the capability of our motion model in correctly taging very

brief but distinguished motions that are embeddedailong

sequence of video frames.

Finally, after our system automatically generates annotated
video, we went through each video frame to manusadyify

whether the automatically attached annotation nestthe content
of the frame. We found that, out of 1793 video fean{29.88-
minute video), 1576 frames are correctly clustexed annotated.
This gives us 88% of precision rate. We believe thia precision
rate can be further improved if video frames akenain a higher
rate (i.e. 500 ms) or a largeris used in stackinBMMs together

into a CMM. We are planning to conduct more experiments to

verify our hypothesis.

6. Conclusion

In this paper we present a new motion model thatefficiently
capture the spatial and temporal features of animaements
from a video. Our model converts those spatial terdporal
motion features into a sequence of color imageswhaefer to as
color motion mapsGMMs). EachCMM is then transformed into

Under our current approach, scientists must fiegiture videos
before they can perform the off-line analysis ofinzal’'s
behaviors. This off-line analysis can only providedbacks to the
scientists after an experiment ends. Moreover, dpjzroach also
requires large disk space to store long videoscklewe are also
planning to apply some classification methods, sash the
decision tree method, to extract rules from tBAG vectors
generated in this research. We hope that the ¢etracles can
enable us to perform online analysis in which ahimavement in
a video frame can be classified into certain typadivities in
real-time. This online analysis can provide mucttdafeedbacks
to scientists who can then adjust the experimettings based on
the early results.
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Our experiments show that our model is able totifledifferent E]
animal activities in high precision (88%) from seillance
videos, even when activities are brief and embeddduetween

many other activities. We are planning to study pirecision of

our approach by taking video in a higher rate ttirsgea largemw

in stackingBMMs together into £MM.

SIGKDD Explorations Volume 8, Issue 2 Page 9



SIGKDD Explorations

About the authors:

Chih Lai received the PhD degrees in computer $eieénom
Oregon State University in 1999. He is an assoqabéessor at
University of St. Thomas. His research interestslue data
mining, multimedia databases, neuroinformatics, aeal-time
systems. Formally, he worked as a principle sofwargineer on
an FAA project and received various U.S. and Euzopeatents
on aircraft collision avoidance systems. He is animer of IEEE
Computer Society and ACM SIGKDD.

Taras Rafa is a research assistant at Universigt.ofhomas. He
received the PhD degree in mathematical
computational methods from Ternopil State Ivan &ulechnical
University (Ukraine) in 2003. He then worked as assistant

modelingl an

professor in the Computer Science and Biotechn&gtems
department in this university. His research interese in data
mining, computed tomography, and image procesdie.is a
member of IEEE.

Dwight E. Nelson is on the faculty in Biology andnducts
neuroscience research at the University of St. TsomHis
research focuses on mammalian (mouse) circadiashmitity
and behavior . He earned a Ph.D. from the Depatnof
Neurobiology and Physiology at Northwestern Uniitgrsn
Evanston, IL, and conducted post-doctoral workhatWniversity
of Virginia Center for Biological Timing (Charlottgille, VA)
and the Pharmaceutical Products Division at Abbahioratories
(North Chicago, IL). His research is supportedtiy National
Institute of Mental Health.

Act wheel

clugter=2 Frame: 905

Act to-wheel. Act to-wheel,

cluster= 73 Frame: 910

cluster= 77 Frame: 911

Act off-wheel.
cluster= 47 Frame: 907

cluster= 20 Frame: 912

Act move.
cluster= 100Frame: 909

Act off-wheel.
cluster= 26 Frame: 903

Act wheel, Act wheel,

cluster=2 Frame: 913 Jcluste=2  Frame: 914

Figure 13. Our motion model correctly captures muliple brief and rapid activities occurred in a short10-second period.
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