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A Semantic Event-Detection Approach and Its
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Abstract—We propose a three-level video-event detection These methods are in general computationally simple and their
methodology and apply it to animal-hunt detection in wildlife performance is relatively robust. Their results, however, may
documentaries. The first level extracts color, texture, and motion necessarily be semantically meaningful or relevant, since

features, and detects shot boundaries and moving object blobs.th d t att tt del and estimate th fi tent
The mid-level employs a neural network to determine the object €y 00 hot atiempt to Model and esumaie ihe Semantc conten

class of the moving object blobs. This level also generates shot deOf the video. For consumer-oriented applications, semantically
scriptors that combine features from the first level and inferences irrelevant results may distract the user and lead to frustrating
from the mid-level. The shot descriptors are then used by the search or browsing experience. The work in the second category
domain-specific inference process at the third level to detect video tries to classify video sequences into categories such as news
segments that match the.user-defined event model. Thg pro_pqseds orts, action movies, close-ups, crowd, etc. [19], [29]. These ’
approach has been applied to the detection of hunts in wildlife p ' ] Ut ps, ! : v kel
documentaries. Our method can be app“ed to different events by methOdS prOVIde CIaSS|f|Cat|0n reSUltS Wh|Ch may faC|I|tate users
adapting the classifier at the intermediate level and by specifyinga to browse video sequences at a coarse level. Video-content anal-
new event model at the highest level. Event-based video indexing,ysis at a finer level is probably needed to more effectively help
Summar'dzat'on’ a“r‘]j browsing are among the applications of the ;sers find what they are looking for. In fact, consumers often
proposed approach. express their search items in terms of more exact semantic la-
~ Index Terms—Browsing and visualization, content-based pels, such as keywords describing objects, actions, and events.
indexing and retrieval, video content analysis. Work in the third category has been mostly specific to particular
domains. For example, methods have been proposed to detect
|. INTRODUCTION events in: 1) football games [18]; 2) soccer games [33]; 3) bas-
. . . etball games [27]; 4) baseball games [20]; and 5) sites under
HEdAMOUNT(;)]; video mfolrr’nalt_lqn that can r?e agcesseéurveillance [4]. The advantages of these methods include that
. and consumed from people S fiving rooms nas been eV, yatected events are semantically meaningful and usually sig-
increasing. This trend may be further accelerated due to the ¢ Ricant to users. The major disadvantage, however, is that many

vergence of both technology and functionalities supported 1 these methods are heavily dependent on specific artifacts such

future television receivers and personal computers. To Ob@gediting patternsin the broadcast programs, which makes them

the information that is of interest and to provide better ente&Tﬁicult to extend for the detection of other events. A more gen-
tainment, tools are needed to help users extract relevant con } method for the detection of events [17] uses “Multijects”
and to effectively navigate through the large amount of availab[ at are composed of sequences of low-level features of mul-
video information. For ordinary users, such tools may also haﬁ le modalities. such as audio. video. and text

to satisfy the following requirements: 1) they should be easy t ' ! ' .

. i Query-by-sketch or query-by-example methods have also
use in terms of _op(_eratlons and 2) th_ey should be easy to undx%én proposed recently [7], [36] to detect motion events. The
stand and predict in terms of behaviors.

Existi tent-based video indexi d retrieval meth dvantage of these methods is that they are domain indepen-
d X'? ng co? ent %sethwteolm e|>|<|r(1jgfan_ rtehrlevs metho nt, and therefore may be useful for different applications. For

0 not seem 1o provide the tools called for in the above apply, g, mer applications, however, sketching needs cumbersome
cations. Most of those methods may be classified into the f

. . . o . put devices, specifying a query sketch may take undue
lowing three categories: 1) syntactic structurization of video; ounts of time and learning the sketch conventions may
video classification; and 3) extraction of semantics. The wo scourage users from using such tools
in the first category has concentrated on: 1) shot boundary ®n this paper, we propose a computational method and sev-
tection and key frame extraction, e.g., [1], [34]; 2) shot clu%-r '

! 321 3) table of . 91 4) vid al algorithmic components toward an extensible solution to
tering, e.g., .[ J; 3) table of content creation, e.g., [ ]’. Vi €Qemantic event detection. The automated event-detection algo-
summarization, e.g., [22], [35]; and 5) video skimming [28]ri

thm facilitates the detection of semantically significant events
in their video content and helps generate semantically mean-
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a neural network to determine the object class of the movir Detected Events J
blobs. This level also generates shot descriptors that combi T
features from the first level and inferences from the mid-leve - ey
The shot descriptors are then used by the domain-specific i -
ference process at the third level to detect video segments t| e
match the user-defined event model. To test the effectiveness _Shot Summarization
our algorithm, we have applied it to detect animal hunt even l

in wildlife documentaries. In our implementation, we do not at | Motion Blob Verification I
tempt to detect the stalking phase that precedes many hur : ‘ T

rather we aim to detect the swift or rapid chase of a fleein : B |

Event Inference

or running animal. Since hunts are among the most interesti = : Texwre/Color Analysis § ;' Motion Estimation l . Shot Detection l
events in a wildlife program, the detected hunt segments ¢ A - ? " !
be composed into a program highlight sequence. The propos - Video Sequences J

approach can be applied to different domains by adapting tl..
mid- and high-level inference processes while directly utilizingi 1. Flowchart of our method
the results from the low-level feature extraction processes [15]. '

I_n the following se_ctlon, we de_scrlbe the proposed COMPHe global motion can be modeled by a three-parameter system
tational method and its algorithmic components. In Section ”éﬂl?wing only for zoom, horizontal, and vertical translation

we describe implementational details and present experimental
results obtained as we have applied the proposed algorithm to
the detection of animal hunt events in a number of commercially
available wildlife video tapes. Finally, in Section IV, we summa- v(z, y) = a1 + azy.
rize our work and discuss some future directions.

w(z, y) =ao + agx

We correlate patches from consecutive frames to estimate
II. METHODOLOGY the global-motion parameters. To improve the robustness and

. . o reduce the computation of the estimation process, we use a
The problem of detecting semantic events in video, €.9., NURIS, |evel pyramid of reduced resolution representation of each

in wildlife video, can be solved by a three-level approach, §%,me At each level of the pyramid, we consider matches from

shown in Fig. 1. At the lowest level, the input video is decomy 5 . 5 neighborhood around the location of the patch in the

posed into shots, global motion is estimated, and color and t€%;,,ce frame, enabling a maximum matching distance of 62
ture features are extracted. At this level, motion blobs, i.e., are@;e
h

due to independent object motion, are also detected after theyihe jowest level of the pyramid, i.e., the full-resolution rep-

global motion is compensated. , resentation of the frame, the patches used for matching are of
Atthe intermediate level, the detected motion blobs are clagse 64 « 64. Patches from uniform areas often result in erro-
sified as moving-object regions by a neural network. The ngfaq,s motion estimates. To reduce this effect we discard patches

work uses the color and texture features extracted at the lowet, insufficient “texture.” We use a 2-D variance measure to
level, and performs a crude classification of image regions intRtermine the “amount of texture”

sky, grass, tree, rock, animal, etc. This level also generates shot

summaries which describe each individual shot in terms of in- ) nei 2
termediate-level descriptors. var, = i Z l Z(p(% y) — plz, _))2 .
At the highest level the generated shot summaries are ana- mo=o\" =0 ’

lyzed and the presence of the events of interest, e.g., hunts, are o1 1 2
detected based on an event-inference model which incorporates |5, _— 1 1 2
. o y — px,y)—p YY) — 4
domain-specific knowledge. Y 2 m 2 @, v) = p( )~
The feature extraction at the lowest level is entirely domain
and event independent. The classifier at the intermediate 'eW:Herep is anm x n image patchp(z, -) and p(-, y) are
is only domain dependent. The event-detection level is eVeAL means of theith column andyth r0\7/v of p anci qx and

specific (it describes and defines the event of interest). In OYr are the means of1/n) Enfl((p(jj y) — plz, -))? and
hunt-detection example, we limited our domain to wildlife doc%gy y=) ’ ’

) ) i (1 mel — p(- 2 for all z andy within p,
umentaries and the event to animal hunts. Since the submis g/m) 2z=o (P(2, ¥) = (- ¥) v 4 p
e

. ) ectively.
of this article, we have shown that the same method can be us aje comgute motion estimates at each of the four corners of
to detect landing and rocket launch events in videos of diﬁereﬁrame Since the motion of the tracked objects often does not

domains [15] vary drastically between consecutive frames (i.e., their acceler-
ation is small), we also use the previous best motion estimate
to predict the location of the four patches in the next frame. A
We assume that the motion in many videos can be decolimited search in & x 5 neighborhood around the predicted
posed into a global (or background) motion component and ilocation, improves the motion estimates in many cases. There-
dependent object motion components. We further assume tfwaie, we obtain up to eight motion estimates, one pyramid based

y=0 =0

A. Global-Motion Estimation and Motion-Blob Detection
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estimate for each of the four patch locations, and one for each
of the four estimates based on a limited search around the pre-
dicted match locations. Since some patches may not pass the
“texture” test, we may have fewer than eight motion estimates.
The highest normalized dot product between a source gatch
and matched patcF, determines the “correct” global-motion
estimate between the current and next frame. The normalized
dot product is equal to the cosine of the angl¢ ljetween the

two patches (vectorsy;, and P

> P )Y Pl 5

cos(a)p,, p, =

The estimated global-motion parameters are used to com-
pensate for the background motion between two consecutive
frames. The difference between the current- and the motion-
compensated previous frame is then used to detect motion blobs.
Areas with low residual differences are assumed to have mo-
tion values similar to those of the background and are ignored.
The independent motion of foreground objects, on the other
hand ,usually causes high residual differences between the cur-
rent frame and the following motion compensated frame. We
use a robust estimation technique developed in [26] to detect
motion blobs. Based on the frame difference result, the algo-
rithm constructs two 1-D histograms by projecting the frame
difference map along itg andy direction, respectively. The
histograms, therefore, represent the spatial distributions of the

= h(y)

Th(x)
=l

(a)

t
N AN
H trimmed interval{k+1)
trinuned interval(k)

h(x) mean(k+1)
T mean(k’

motion pixels along the corresponding axes. Fig. 2(a) illustrateg. 2. (a) Two 1-D histograms constructed by projecting the frame difference
an ideal frame difference map where there is only one textur@dp along the: andy direction, respectively. (b) Robust mean estimation for

elliptical moving object in the input sequence, and the corr
sponding projection histograms. The center position and size
of a moving object in the video can be estimated from statis-
tical measurements of the two 1-D projection histograms. To
locate an object in the presence of multiple moving objects, a
robust statistical estimation routine has been adopted and de-
scribed below. Fig. 2(b) illustrates this recursive process.

The center position and size of an object in the image can be
estimated based on statistical measurements derived from the
two 1-D projection histograms. For example, a simple method
estimates the center position and size of a dominant moving
objectin aninput sequence using the sample means and standard
deviations of the distributions. More specifically, let(¢), ¢ =
0,1,...,andh,(i), 7 = 0,1, .

lé)_cating the center position ofdominantmoving object.

(Y (i = )]
v > al)

>t - ]
e 5 (i)

denote the el s in th where« and3 are constant scaling factors.
-- aenote ne elements IN e 4 vever, the object center position and size derived from

projection histograms along theandy direction, respectively. the sample means and standard deviations may be biased in

Then the object center positior 4, v.) and object width and
height ¢v, ) may be estimated as

the cases where other moving objects appear in the scene. It
is, therefore, necessary to develop a more robust procedure to

address this problem. We propose the use of robust statistical

Z ziha (i) estimation routines to achieve robust measurements for object
f =2 center position and size [31]. More specifically, the center po-
Z hy (%) sition of a dominant moving object in an input sequence is esti-
i mated based on the robust (trimmed) means of the two 1D pro-
Z yihy (i) jection histograms in thﬁ apdy directions_. Fig. 2(b) illustrates
. the process of the estimation of the motion center.
yc

- Z hy (1) Step 1) Compute sample mearand standard deviation

based on all the samples of the distribution.
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Step2) Let;(0) = p and § = max(ac, b * 2) Rocks, trees, grass, sky, etc., although not amorphous, can
sampleSpaceWidth) where ¢ and b are occurin an almostinfinite number of different shapes, and
scaling factors, e.gg = 1.0 andb = 0.2, and furthermore, they rarely appear in isolation, trees grow
sampleSpaceSize is the width and height of the near other trees, rocks lie with other rocks, etc.
image foré,g..;. andé,.,¢, respectively. 3) Articulated and somewhat deformable objects such as

Step 3) Compute trimmed meap(k+1) based on the sam- running animals are difficult to describe with shape in-
ples within the intervalu, (k) — 6, (k) + 6). variants.

Step 4) Repeat Step 3 unitil,(k + 1) — 1 (k)| < ¢ where 4) Inour hunt application, tall grass often hides the legs and
¢ is the tolerance, e.ge,= 1.0. lower body of animals, trees occlude themselves, other

Step 5) Let center-position = the converged mean. trees, and animals who seek their cover, etc. But occlu-

In addition to the robust estimation of object center position,  sion is also causing severe problems to shape-based ob-
we propose the following routine for robust estimation of object  ject recognition schemes in most other domains.
size. The method first re-projects the frame difference result in
a neighborhood of the located center. It then derives the objecNo single or pair of types of measure (e.g., color and/or Gabor
size based on the robust (timmed) standard deviation. Given fheasures) has the power of the combined set of measures [14].
robust mean.* andé obtained from the above center locatingrhe neural network described in Section 1I-C is well suited to
routine, the routine for estimation the size in either y direc-  combine this set of measures and robustly classify image regions
tion is as follows. into various animal and non-animal classes. Note that we are
Step 1) Construct a clipped projection histograffi® by only computing features from still frames and that motion is
projecting the color filtering map within the rangeincluded explicitly at a higher level.
[ripp — A, 1, + Al in the opposite direction, 1) Gabor Filter Measures:The image (in the spatial do-
wherey,, is the robust mean in the opposite direcmain) is described by its 2-D intensity function. The Fourier
tion andA determines the number of samples usetransform of an image represents the same image in terms of
in the calculation. the coefficients of sine and cosine basis functions at a range
Step 2) Based o °!'?, compute the trimmed standard deof frequencies and orientations. Similarly, the image can be ex-
viation §; based on the samples within the intervapressed in terms of coefficients of other basis functions. Gabor
[w* — 6, p* + 6] [12] used a combined representation of space and frequency to
Step3) IF HU(y* + dé) > gH?(u*) OR express signals in terms of “Gabor” functions
Helie(y* — dé) > gH"™(u*), where e.g.,
d = 1.0 andg = 0.4, THEN increase, until the

condition is no longer true. [z, y) = Z a;gi(%, y) 1)
Step 4) Letsize = cb; wherec is a scaling factor, e.g., ‘
c = 2.0.

Multiple motion blobs can be located by repeating the abo¥¥éerea; weights theith complex Gabor basis function
proposed method in an iterative manner. More specifically, the
area of the already detected motion blob can be zeroed out in
the frame difference map and the above method can be applied gi(w, y) =
to the modified frame difference map to locate the subsequent

_ e]uq (z cos(8;)+y sin(6;)) —(a2x2+82y ) (2)

motion blobs. Gabor filters have gained popularity in multi-resolution image
analysis [11], [12], despite the fact that they do not form an
B. Texture and Color Analysis: Low-Level Descriptors orthogonal basis set. Gabor filter based wavelets have recently

To obtain rich, and hence, robust and expressive descripti
of the objects in the video frames, we describe each pixel
terms of 76 color and texture measures: 56 of them are ba%%}é
on the Gray Level Co-occurrence Matrix (GLCM), 4 on fractal
dimension estimation methods, 12 on Gabor filters, and 4
color. The feature space representations of each pixel are claz%

fied into the categories sky/clouds, grass, trees, animal, and r3 arated by d|stan0e|n orientation¢ and whereR(-) is a

using a back-propagation neural network. The use of these fggrmahzatlon constant that causes the entrie®0§ to sum

tures in conjunction with the back-propagation classifier ha%% g:%elf?nteedxt[g]r’e[i:ga]\?wﬁcatlon the following measures have

iously b h t ble the detecti f decid
previously been shown fo enable fhe detection ol deciduo he Angular Second Moment (also called the Energy) as-

trees in unconstrained images [13]. We decided not to use shag}nS laraer numbers to textures Whose co-0ceUrrence matrix is
for our description of objects in video frames mostly becaus gernu xiures w u X1

the recognition of the following important objects is far beyonaparse

the current state-of-the-art in object recognition. I

1) Clouds and dy;t are amorphous objects for which shape E(d, §) = Z Z[p(i’ 3, d, 9)]2
models are difficult to construct. =1

ta. We obtain 12 features, per pixel, by convolving each frame
Gabor filters tuned to four different orientations at three

erent scales.

2) GLCM Measures:Let p(i, j, d, 8) =p(¢, 5, d, 8) =

(i, j, d, 8)/R(d, ¢)), where P(-) is the GLCM of pixels

%en shown [23] to be fast and useful for the retrieval of image

.

=1
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The Difference Angular Second Moment (DASMp- whereL: = gumin+(gavg/2), L2 = gmax — (Gavg/2), ANAGimin,
signs larger numbers to textures containing only @na.x, andga..s are the minimum, maximum, and average gray
few gray-level patches. This and other features uselues inthe image patch, respectively.

Pa—yl(n, d, 0) = Z]N:gl Eﬁ\glﬁ—ﬂ:n (i, j, d, 6) The fourth feature is based on multi-fractals which are used
for self-similar distributions exhibiting non-isotropic and inho-

N mogeneous scaling properties. lkednd! be the minimum and
DASM(d, 8) = Z Pe—y(n, d, 6)%. maximum gray level in an image patch centered at position
n=0 (2, 4), letn.(¢, ) = I — k + 1, and letV,. = (n,./N,.), then

N the multi-fractal,D- is defined b
TheContrast (Con)s the moment of inertia around the co-oc- 2 y

currence matrix’s main diagonal. It is a measure of the spread log Z/\/f
of the matrix values and indicates whether pixels vary smoothly ) i3
in their local neighborhood Dy = ,1,1_1)% W
N, -1 N, N, A number of different values for are used and the linear re-
Con(d, §) = Z n? Z Z p(i, 5, d, 0)| . gression oflog Zijj/\/f/log ) yields an estimate ab,.
oy =L =L 4) The Color Features:The final set of features are the three
= normalized color measures g, b and the intensity’
The other GLCM-based measures we use for our texture anal- R
ysis are thelnverse Difference Moment, Mean, Entropy, Sum = RyG+B
Entropy, Difference Entropy, Difference Variance, Correlation, a
Shade, and Prominenc&hese features are described in [3], 9=~ 5
R+G+ B
[16], [30]. B
Note that the directionality of a texture can be measured by b=——"7—
. . R+G+B
comparing the values obtained for a number of the above mea- RiG+B
sures a9 is changed. The above measures were computed at I = 7 : e 5
6 = {0°, 45°, 90°, and135°} usingd = 1. For further discus- max  Gmax + Dmax
sion of these GLCM measures (see [3], [16], [30]). We generally observed that although our feature set is theo-

3) Fractal Dimension (FD) MeasuresThe underlying as- retically redundant it is beneficial for the classifier to use all the
sumption for the use of the fractal dimension for texture clasgpeasures rather than a carefully selected subset.
fication and segmentation is that images or parts of images are i o _ o
self-similar at some scale. Various methods that estimate the £p Region Classification and Motion-Blob Verification

of an image have been suggested. We use a back-propagation neural network to arbitrate
« Fourier-transform based methods [25]; between the different features describing the image. Our
+ box-counting methods [2], [21]; back-propagation neural network [10] has a single hidden layer
« 2-D generalizations of Mandelbrot's methods [24]. with 20 hidden units and uses the sigmoidal activation function

The principle of self-similarity may be stated as: If a bounde®i(act) = (1/14¢~**)—0.5, whereact is the activation of the
setA (object) is composed a¥, non-overlapping copies of a Unit before the activation function is applied. A single hidden
set similar to4, but scaled down by a reduction factarthen layer in a back-prppagation neural network has_ been shqwn to
A is self-similar. From this definition, the FID is given by be sufficient to uniformly approximate any function (mapping)

to arbitrary precision [5]. Although this existential proof does

D= log N,,. not state that the best network for some task has a single hidden

log 7 layer, we found one hidden layer adequate. The architecture
The FD can be approximated by estimatiivg for various of thg network is shown. In Fig. 3'. The back-propagation
algorithm propagates the (input) function values layer by layer,

yalues .OfT and then determining the_slope (.)f the Ieast-squarfee to right (input to output), and back-propagates the errors
linear fit of (log N./log(1/r)). The differential box-counting layer by layer, right to left (output to input). As the errors are

method outlined in Chaudhuet al.[2] are used to achieve th'spropagated back to the input units, part of each unit's error is

ta§I!(Hree features are calculated based on: being corrected.
i o ' A number of factors prevent zero error results. A few of these
1) the actual image patdf(, j); complicating factors are thaften there is no correct classifica-
2) the high-gray-level transform df(, ) tion. For instance, should bushes be labeled as tree or non-tree
areas? What if a bush is actually a small tree? In general, it is

L, )= 1, j) = Ly, 100, 4) - L1 difficult to label class border pixels correctly, and misclassifica-
0, otherwise . . . . .
tions need not all be equally important. Misclassifying a distant
3) the low-gray-level transform (i, j) herd of animals as trees or rocks is not as severe a mistake as,

for example, classifying a nearby lion as sky.
Ll i) = 255 — Lo, 1I(i,7) > 255 — Lo We trained the network using a total &f = 15 labels. Nine
26, J) = 1(, ), otherwise animal labels (lion, cheetah, leopard, antelope, impala, zebra,
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motion analysis details so that the high-level event inference

module may be developed independent of those details, ren-
dering it robust against implementational changes. Second, the
shot summaries abstract the low-level analysis results so that
they can be read and interpreted more easily by humans. This
simplifies the algorithm development process and may also fa-
cilitate video indexing, retrieval, and browsing in video database

applications.

In general, the intermediate-level descriptors may consist
of: 1) object descriptors, e.g., “animal,” “tree,” “sky/cloud,”
“grass,” “rock,” etc. indicate the existence of certain objects
. in the video frames; 23patial descriptors, e.g. “inside,” “next
Input Layer  Hidden Layer Output Layer to,” “on top of,” etc., that represent the location and size of
objects and the spatial relations between them; aner3poral
descriptors, e.g. “beginning of,” “while,” “after,” etc. [6],

[8], that represent motion information about objects and the
gnu, elephant, and an all-other-animal class) and five non-a@mporal relations between them.

imal labels (rock, sky/clouds, grass, trees, and an all-other-nonfor the hunt-detection application, we employ a particular set
animal class) as well as a “don’t care” label. of intermediate-level descriptors which describe: 1) whether the

After training, we found that the proposed network performeshot summary is due to a forced or detected shot boundary; 2)
well at classifying five merged classes: all animals, grass, tregige frame number of the beginning of the shot; 3) the frame
rocks, and Sky/C'OUdS. However, it is difficult for the network tyumber of the end of the shot; 4) the g|oba| motion; 5) the ob-
classify the animals in our wildlife documentary videos, nameljsct motion; 6) the initial object location; 7) the final object lo-
lions, cheetahs, leopards, antelopes/impalas, gnus, hyenas, tidn; 8) the initial object size; 9) the final object size; 10) the
even zebras, rhinos and elephants each into different grouifioothness of the motion; 11) the precision throughout shot;
This is probably due to the fact that many of these animals diffghd 12) the recall throughout shot. More precisely, the motion
mostly in their shape and size, which we do not model. Henggescriptors provide information about the andy-translation
while the network was still trained on the different animal |aand zoom Components of motion. The location and size descrip-
bels, we artificially grouped those labels into a single “animatoprs indicate the location and size of the detected dominant mo-
label when using the network for animal region verification. Wgon blob at the beginning and the end of the shot. The precision
also found that the network did not perform well at solving thg the average ratio of the number of animal labels within the de-
opposite problem of classifying, grass, trees, rocks, and sky técted dominant motion blob versus the size of the blob, while
gether as a single “non-animal” group. The differences betwegie recall is an average of the ratio of the animal labels within the
the appearance of instances of these groups are severe. Asiigi@cted dominant motion blob versus the number of animal la-
the network to assign one label to them and a different labelfg|s in the entire frame. In addition, we also employ descriptors
animals proves to be more difficult than the classification intedicating: 13) that tracking is engaged; 14) that object motion
the individual non-animal groups. is fast; 15) that an animal is present; 16) the beginning of a hunt;

The output of the network is then used to verify the mot7) number of consecutive hunt shot candidates found; 16) the
tion-blob candidates from Section II-A. In our current impleend of a hunt; and 19) whether a valid hunt is found. See Section

mentation, a simple procedure is employed which implemenigF for an example and further explanation.
the following test. A region that has high residual motion after
motion compensation and that contains a significant amount®f Event Inference

animal labels, as detected by the neural network, is consideregq avent-inference module determines whether segments of

as a possible moving animal region. video contain events of interest. If a contiguous sequence of
o ) ) shot summaries matches the event model, then the presence of
D. Shot Summarization and Intermediate-Level Descriptors it event is asserted. We decided to design the event inference
We use a simple color histogram based technique to decomedule manually for two reasons: 1) the design of many events
pose video sequences into shots. Since some shots last forsa&traightforward given the intermediate representation of the
frames or less and others last for 1000 s of frames wefatse  depicted objects and their motions and 2) a rule-based event
a shot summary every 200 frames to impose a degree of regpdel allows a high level of transparency.
ularity onto the shot summaries and to avoid missing impor- Hunt events are detected by an event inference module which
tant events in extended shots. A third kind of shot boundaryusilizes domain-specific knowledge and operates at the shot
inserted whenever the direction of the global-motion changédsvel based on the generated shot summaries. From observation
Shot boundaries of this last kind ensure that the motion withémd experimentation with a number of wildlife documentaries,
shots is homogeneous. Each shot is then summarized in terma eét of rules have been deduced for detecting hunts. The rules
intermediate-level descriptors. The purpose of generating integflect the fact that a hunt usually consists of a nhumber of
mediate-level shot summaries is two-fold. First, the shot surshots exhibiting smooth but fast animal motion, followed by
maries provide a way to encapsulate the low-level feature asubsequent shots with slower or no animal motion. In other

Feature!

Feature?2

Feature3

Feature N

Fig. 3. Neural network architecture.
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Hunt

Tracking
Fast
Animal

Animal

Animal

(a)

Motion Estimate

Ar =-7
Ay = 0
zoom = 1.0

(d) (e) (f)

Start

Fig. 6. (a) and (b): Two consecutive frames from a hunt. (c) Difference
image. (d) Estimated motion between the two frames. (e) Motion-compensated
difference image (e), and (f) the box around the area of largest residual error in
the motion-compensated difference image.

Fig. 4. State diagram of our hunt-detection method. Initially, the control is . . . .
in the Non-Hunt state on the left. When a fast moving animal is detected, t&ary to realize the inference. Since many events can be defined
control moves to the beginning of hunt state at the top of the diagram. Whgy the occurrence of objects involved and the specification of

three consecutive shots are found to track fast-moving animals, then the V: iécfe . . . .
Hunt flag is set. The first shot afterwards that does not track a fast moving ani Ir spatlo-temporal relatlonshlp, the proposed mechanism, of

takes the control to the End of Hunt state, before again returning to the Non-H@@mbining low-level visual analysis and high-level domain-spe-
state. cific rules, may be applicable to detect other events in different

domains. In Section IlI-G, we provide an example and further
explanation for using this inference model for hunt detection.

I1l. EXPERIMENTAL RESULTS

The proposed algorithm has been implemented and tested on
wildlife video footage from a number of commercially available
VHS tapes from different content providers. In the following
sections, we show example results of the global-motion estima-
tion, motion-blob detection, extracted texture and color features,
region classification, and shot summarization. Then we present
the final hunt event-detection results.

A. Test Data

About 45 minutes of actual wildlife video footage have been
digitized and stored as test data for our hunt-detection experi-
ments. The frame rate of the video is 30 frames/s and the digi-
a Il tized frame resolution i860 x 243 pixels. A total of 10 min of
“t footage 2 18000 frames = 100 shots have been processed so
far.

TRTE e s e e w0 vw ow e B. Global-Motion Estimation

(b) Fig. 5(a) shows the siz&4 x 64) and locations of the four
regions at which the global motion is estimated. For each pair
Fig. 5. (a) Locations used to estimate the global motion. (b) Motion estimat@§ frames, motion estimates are computed using a five-level
during a hunt. pyramid scheme at the shown patch locations. In addition, the
previous motion estimate is taken as the current motion estimate
words, the event-inference module looks for a prescribéid a tight local search around the fquedictedpatch loca-
number of shots in which: 1) there is at least one animal 86ns yields another four patch matches. The best match of any
interest; 2) the animal is moving in a consistently fast mannef these eight patch comparisons becomes the motion estimate
for an extended period; and 3) the animal stops or slows doi@t the current frame pair. Fig. 5(b) shows the motion estimates
drastically after the fast motion. Fig. 4 shows and describeglaring a hunt.
state diagram of our hunt-detection inference model. . )
Automatic detection of the properties and sequences of &¢- Motion-Blob Detection
tions in the state digram is non-trivial and the low-level feature Fig. 6 shows an example of the motion-blob-detection re-
and motion analysis described earlier in this paper are necsghs. It is apparent that reliable estimation and compensation
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Fig. 7. Feature-space representation of the first frame in Fig. 6.

of global motion makes the task of motion-blob detection relgecond stage, each shot is then summarized as in the example
tively easier. When the accuracy of the global-motion estimati@shown below:

results are poor, the performance of the motion-blob detection
relies largely on the robustness of the motion-blob detection and

tracking algorithm described in Section II-A. F?rced/real shot summary : 0
First frame of shot : 64
D. Feature-Space Representation of the Video Frames Last frame of shot : 263

Global motion estimate (x,y): (—4.48, 0.01)
Within frame animal
motion estimate (x, y) :

Fig. 7 shows the feature-space representation of the first
frame in Fig. 6. The features shown in order are the results of the
56 GLCM-based measures, the four fractal-dimension-based

(
Initial iti : 175, 157
measures, the four color-based measures, and the 12 Gabor .-+~ Lo >0 , 3.’) (178, 157)
filter-bank measures Final position (x, y): (147, 176)
' Initial size (w, h): (92, 67)
E. Region Classification Final size (w, h): (100, 67)
. . - Motion smoothness throughout
Global-motion estimates, such as the ones in Fig. 5, are used shot (x, y) : (0.83, 0.75)
. . oo : ,Y) .83, 0.
to detect moving objects, as shown in Flg 6. The locations of . i ion throughout shot : (0.84)
these moving object blops are then verified using a ngural net- oocall throughout shot : (0.16)
work classifier that combines color and texture information. The
classifier is trained on a number of training frames from wildlife = ——————— Hunt Information———————
video. Rows 1, 3, and 5 of Fig. 8 show frames from hunts to- Tracking: 1
gether with their classification results (rows 2, 4, and 6). Fast : 1
Animal : 1
F. Shot Summarization Beginning of hunt : 1
The intermediate level process consists of two stages. In the Number of hunt shot candidates: 1
0

first stage, the global-motion estimates are analyzed and direc- End of hunt :

tional changes are detected in thandy directions. When the Valid hunt : Y

signsof the 50-frame global-motion averages before and afterThe summary consists of two parts, the first part, under
the current frame differ and themagnitudesare greater than General Information shows general statistics extracted for
1 pixel per frame, we insert an artificial shot boundary. In thehis shot, while the second, undémt Information consists
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R R N
N \ \

Fig. 8. Color- and texture-based segmentation results.

of inferences based on those statistics for the hunt-detectiormhe detection of a reversal of the global-motion direction, de-
application. scribed above, is based on a long term average of the motion es-
The first row of the General Information part of the sumtimates around the current frame, indicategialitativechange
mary shows whether the shot boundary corresponding to thighe global motion. Finally the last two rows show the average
shot summary was real, i.e., whether it was detected by the shagcision and recall for the entire shot. As defined in Section
boundary detector, or if it was forced because the maximuirD, the precision is the average ratio of the number of animal
number of frames per shot was reached or the global motilabels within the detected dominant motion blob versus the size
has changed. The next two rows show the first and last framkthe blob, while the recall is an average of the ratio of the an-
numbers of this shot. The following measurements are shot staal labels within the detected dominant motion blob versus the
tistics, i.e., the average global motion over the entire shot onmber of animal labels in the entire frame.
row four, and the average object motion within the shot on row The hunt information part of the shot summary shows a
five. The next four rows measure the initial position and size, asimber of predicates that were inferred from the statistics in
well as the final position and size of the detected dominant mpart one. The shot summary shown above summarizes the first
tion blob. The third-to-last row shows the smoothness of globlalint shot following & orced shot boundary. The system is in-
motion where values near 1 indicate smooth motion and valuttisating that it isSTracking aFast movingAnimal and hence,
near zero indicate unstable motion estimation. The following (&)at this could be th®eginning of a hunt. The Tracking

shows how the smoothness measure is computed: predicate is true when the motion-smoothness measure is
N greater than a prescribed value and the motion-blob-detection

S = 1 Z vi () algorithm detects a dominant motion blob. THest predicate
N & is true if the translational components of the estimated global

motion are sufficiently large in magnitude, and theimal

whereN is the number of frames in the shot andis defined X - ) o ’ )
predicate is true if the precision, i.e., the number of animal

as follows: - o .
labels within the tracked region, is sufficiently large. (The recall
v = { L gixri 20 measure has not been used in our current implementation.) The
0, otherwise remaining predicates are determined and used by the inference

whereg; andr; are the minimum and maximum values of th&nodule as described below.

horizontal components of the global-motion estimates for the

five most recent frames, including tété frame and the four pre- 5 Eyent-Inference and Final-Detection Results

vious frames in the shot. The smoothness measure is large when

consecutive motion estimates have the same sign. Likewise, th&he event-inference module infers the occurrence of a
smoothness measure is small when the motion estimates of dumt based on the intermediate descriptors as described in
secutive frames frequently differs in sign. The smoothness mé&aection IlI-F. It employs four predicateBeginning of hunt,

sure, therefore, providescuantitativemeasure of the smooth- Number of hunt shot candidates, End of hunt, and
ness of the estimated motion. Valid hunt. If the intermediate descriptof®&racking, Fast
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TABLE | IV. SUMMARY AND DISCUSSION
COMPARISON OFACTUAL AND DETECTEDHUNTS IN TERMS . .

OF THE FIRST AND LAST HUNT FRAME, AND THE In this paper, we have presented a new computational
ASSOCIATEDPRECISION AND RECALL method and a number of enabling algorithmic components

Sequence = Detected Procision | Recall for aut(_)matl_c e_vent detection in video and applled it to detect

. Hunt F hunts in wildlife documentaries. Our experimental results

Name | Hunt Frames unt Frames have verified the effectiveness of the proposed algorithm.
hunt1 305 - 1375 | 305 - 1375 100% | 100% The developed method decomposes the task of extracting
hunt2 2472 - 2696 | 2472 - 2695 | 100% | 99.6% semantic events into three stages where visual information
hunt3 3178 - 3803 | 3178 - 3856 | 100% | 94.8% is analyzed and abstracted. The first stage extracts low-level
hunt4 6363 - 7106 | 6363 - 7082 | 100% | 96.8% features and is entirely domain independent. The second
hunt5 0604 - 10303 | 9694 - 10302 | 100% | 99.8% ;tage a(rjw_alyzles tT?j extr_acted Iow-levefl feﬁtuhres ang g((janera_tes
hunt6 | 12763 - 14178 | 12463 - 13389 | 67.7% | 44.2% Intermediate-level descriptors, some of which may be domain
. 6 - 17208 | 000% | 67.0% specific. In this stage, shots are summarized in terms of both

hunt7 | 16581 - 17293 | 16816 - -7 2 domain-independent and domain-specific descriptors. To
Average 95.3% | 86.0% generate the shot summaries, regions of interest are detected,

verified, and tracked. The third and final stage is domain
specific. Rules are deduced from specific domains and an

andAninal are all true for a given shoBeginning of hunt jnference model is built based on the established rules. In
is set to be true. other words, each lower stage encapsulates low-level visual

The value of Number of hunt shot candidates processing from the higher stages. Therefore, the processes
is incremented for every consecutive shot durinip the higher stages can be stable and relatively independent
which the three descriptors remain true. When th&f any potential detail changes in the lower level modules.
Number of hunt shot candidates is equal to or greater thanIn order to detect different events: 1) the object classifier
three, Valid hunt is set to be true. Finally, the inferencemay need to be adjusted in the second stage of our method
module set€nd of hunt to be true if one of the intermediateand 2) a new set of rules describing and defining the event
descriptordracking, Fast andAnimal becomes false, which are needed in the third stage. The proposed algorithm also
implies either the animal is no longer visible or trackable, grovides several reusable algorithmic components. In fact,
the global motion is slow enough, indicating a sudden stdpe extracted low-level texture and color features are entirely
after fast chasing. domain independent since many objects have texture and

In our results, hunt events are specified in terms of thaiolor signatures. The neural network used for image region
starting and ending frame numbers. There are seven hunt evetdssification can be easily re-configured or extended to
in the 10 min (18 000 frames) of wildlife video footage whicthandle other types of objects [13]. The robust statistical-es-
we have processed, Table | shows the actual and the detedtegtion-based object-tracking method has already been used
frames of the seven hunts. The table also shows the retriewaldifferent applications and its robustness and simplicity
performance of our method in terms of the two commonlgre verified in experiments repeatedly [26].
used evaluation criteria: 1) precision and 2) recall. Our methodWe would like to point out that the proposed algorithm detects
detected the first five hunt events very accurately. The frarh@nt events by detecting spatial-temporal phenomena which are
numbers of the detected and actual hunt frames match @uoysically associated with a hunt event in nature. More pre-
closely because they coincide with shot boundaries which batisely, the physical phenomenon which we attempt to capture
humans as well as our method take as the boundaries of eveistthe combination of the presence of animals in space and their
Hunt 6 was detected rather poorly because: 1) at the beginningvement patterns in time. This is in contrast to many existing
of the hunt the well camouflaged animals chasing each othergwvent-detection methods which detect events by detecting ar-
tall grass were not detected and 2) at the end of the hunt, btfitial post-production editing patterns or other artifacts. The
animals disappear behind a hill. The camera keeps panning @nawbacks of detecting specific editing patterns or other arti-
the two eventually re-emerge on the other side of the hill befofacts are that those patterns are often content provider depen-
the predator catches the prey. Since both animals are occludedt and it is difficult, if not impossible, to modify the detec-
for a prolonged period of time, the event-inference modut®n methods and apply them to the detection of other events. It
resets itself, signaling a premature end of this hunt. For Huistalso important to point out that our algorithm solves a prac-
7, the recall measure indicates that our method missed quitiécal problem and the solution is needed in the real world. In
few frames at the beginning of that hunt. The human observéng wildlife video tapes which we obtained, the speech from
who we had asked to determined the “actual” beginning atite audio track and the text from the close-caption are loosely
end of the hunt included part of the stalking phase into tlearrelated with the visual footage. It is therefore unlikely that
hunt. Indeed, it is difficult to draw a clear line between théhe hunt segments may be accurately located by analyzing the
stalking phase and the hunt phase of that hunt. It is likely thatidio track and close-caption. In other words, given the existing
the detection of stalking animals requires a detailed animalldlife tapes, a visual-information-based detection algorithm
gesture analysis which goes well beyond the scope of dameeded to locate the hunt segments otherwise manual annota-
coarse motion and object analysis. tion is required. We believe the limitation to a specific domain,



HAERING et al: SEMANTIC EVENT-DETECTION APPROACH AND ITS APPLICATION TO DETECTING HUNTS IN WILDLIFE VIDEO

such as wildlife documentaries, does not limit our approach sig-[g]
nificantly, since such high-level information is readily available
from the content provider.

The use of audio information represents one important dif-
ference to related work [17] that proposes a two-level methodf0l
using “Multijects” to combine low-level feature information di- ;y;
rectly. Two other differences are: 1) the simplicity of the vi-
sual features they use to represent video frames and 2) théi#l
use of adaptive components (Hidden Markov Models) to IearrﬂlS]
the entire event from examples. At present, the authors only

use color histograms and color histogram differences of entir

frames to represent the video content. In contrast, our approa
captures information on what is moving, where and how based
on a richer analysis using color, texture, and motion. AlthougH!®]
adaptive components are desirable for a general event—detectiﬁ@]
scheme, they tend to reduce the transparency of the event in-
ference process. Seeing that many events are easily described in
terms of intermediate object and motion descriptors, we decided”’
to describe and design the event inference processes manually.

An immediate focus of future work is to develop a richer set
of intermediate-level descriptors for generating shot summarieél.sl
The purpose of developing the descriptors is to provide a wider
coverage over different domains and events so that fewer ddtl
main-specific descriptors need to be added in new applications.
Other future work is to improve the procedure which detects an¢bo]
tracks regions of interest. It would also be interesting to investi-
gate the usefulness of learning techniques for the event inferen
engine. One goal might be the automatic tuning of the perfor-
mance of the event inference module.

Finally, we would like to point out that since the submission
of this paper, we have successfully applied the proposed method
to two other events, namely landings and rocket launches in ur?3!
constrained videos [15]. As described in this article, the only

changes necessary to handle these new events were the clagsi}

(9]

H
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N. Dimitrova and F. Golshani, “Motion recovery for video content clas-
sification,” ACM Trans. Inform. Systvol. 14, no. 4, pp. 408—-439, 1995.
P. England, R. B. Allen, M. Sullivan, and A. Heybey, “I/browse: The
bellcore video library toolkit,” inProc. SPIE Storage and Retrieval for
Image and Video Databasek996, pp. 254—264.

S. Fahlman, “Faster-learning variations on back-propagation: An empir-
ical study,” inProc. Connectionist Models Summer Schd&igs.

I. Fogel and D. Sagi, “Gabor filters as texture discriminat&igl. Cy-
bern, vol. 61, pp. 103-113, 1989.

D. Gabor, “Theory of communication. Inst. Elect. Eng.vol. 93, pp.
429-457, 1946.

N. Haering, Z. Myles, and N. da Vitoria Lobo, “Locating deciduous
trees,” inProc. IEEE Workshop Content-Based Access of Image and
Video Libraries 1997, pp. 18-25.

N. Haering and N. da Vitoria Lobo, “Features and classification
methods to locate deciduous trees in images,” Comput. Vis. Image
Understanding, 1999, to be published.

N. Haering, “A Framework for the Design of Event Detectors,” Ph.D.
dissertation, Univ. of Central Florida, Orlando, FL, 1999.

R. M. Haralick, K. Shanmugam, and . Dinstein, “Textural features for
image classification,JEEE Trans. Syst., Man, Cyberrol. SMC-3, pp.
610-621, 1973.

M. R. Naphade, T. Kristjansson, and T. S. Huang, “Probabilistic mul-
timedia objects (MULTIJECTS): A novel approach to video indexing
and retrieval in multimedia systems?toc. IEEE Int. Conf. Image Pro-
cessingvol. 3, pp. 536-540, 1998.

S. S. Intille, “Tracking using a local closed-world assumption: Tracking
in the football domain,” Master’s thesis, M.I.T. Media Lab, Cambridge,
MA, 1994.

G. lyengar and A. Lippman, “Models for automatic classification of
video sequences,” iRroc. SPIE Storage and Retrieval for Image and
Video Databasesl997, pp. 216-227.

T. Kawashima, K. Tateyama, T. lijima, and Y. Aoki, “Indexing of base-
ball telecast for content-based video retrieval,Piroc. IEEE Int. Conf.
Image Processingl998, pp. 871-875.

] J.M.Kellerand S. Chen, “Texture description and segmentation through

(22]

fier and the eventinference module. The absence of shape-based
object information in our method allows us to detect landing,s,
events independent of the exact identity of the landing object

(aircraft, bird, space shuttle, etc.) or the exact type of rocket of2®l
launch pad. It is not surprising that approximate object-motion

information can aid object recognition and the interpretation of27]
events in which these objects are involved.

(1

(2]

(3]
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