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Abstract
To facilitate accurate and efficient detection of motion

patterns in video data, it is desirable to abstract from pixel
intensity values to representations that explicitly and com-
pactly capture movement across space and time. For exam-
ple, in the monitoring of surveillance video, it is useful to
capture movement, as potential targets of interest traverse
the scene in specific ways. Toward such ends, the “direc-
tion map” is introduced: a novel representation that cap-
tures the spatiotemporal distribution of direction of motion
across regions of interest in space and time. Methods are
presented for recovering direction maps from video, con-
structing direction map templates to define target patterns
of interest and comparing predefined templates to newly ac-
quired video for pattern detection and localization. The ap-
proach has been implemented with real-time considerations
and tested on over 6300 frames across seven surveillance
videos. Results show an overall recognition rate of approx-
imately 90% hits vs. 7% false positives.

1. Introduction
There is a need for systems to automatically detect motion
patterns of interest (e.g., potential ‘threats’) in surveillance
and other video to reduce the load on personnel, who si-
multaneously watch numerous monitors. Potential events
of interest may include a group of people suddenly con-
verging to or diverging from a point in a surveillance video,
someone entering through an exit, or, in the case of traffic
monitoring, a car making an illegal left turn; all of these
encompass global motion information (i.e., globally visible
motion patterns corresponding to objects moving across dif-
ferent large-scale regions of a surveyed area). As a result,
it is advantageous to develop an algorithm to detect such
global motion patterns.

Global motion patterns can be mapped onto spatiotem-
poral direction maps containing a coarse representation of
motion described in terms of local dominant directions of
motion (i.e., the direction that best accounts for the aggre-
gate movement in a localized spatiotemporal region; this
terminology is used as each point in spacetime potentially
has a direction of motion; therefore, each region has a dom-
inant direction). For example, a car making a (possibly ille-
gal) left turn at an intersection can be mapped to a series of
regions in spacetime with localized directions pointing to-
wards the centre of the intersection, and as time progresses,

towards the lane into which the car is turning (see Figure
1). Algorithms using direction maps eliminate the need for
explicit tracking and/or segmentation and therefore elimi-
nate an unnecessary layer of complexity that can potentially
result in errors. Such a tracking and segmentation-free al-
gorithm to detect ‘interesting’ motion patterns is proposed
in the current work. It is hypothesized that video contain-
ing motion can be translated into direction maps by the use
of spatiotemporal analysis to be compared with hand-made
templates of interesting motion patterns for detection.

Figure 1: A direction map representing a car making a left turn - at
first, motion (signified by small arrows) is moving forward from the
left-turn lane, as time progresses (represented by additional images
in the figure), the arrows begin to point towards the destination. The
time course is shown from left to right, top to bottom.

Extensive research has been performed in image motion
analysis; however, research considered in this discussion
will be limited to that which relates to surveillance and traf-
fic imagery as they are most closely related to currently en-
visioned applications of the proposed approach. Such re-
search can be classified into two main categories: (a) track-
ing and segmenting of objects/people and (b) detection of
behaviour based events; only a few exceptions to these gen-
eral categories could be found (e.g., [25], which counts the
number of people in a crowded scene). With respect to
tracking and segmentation, the majority of algorithms make
use of background subtraction [3, 18, 19, 36]; others include
the use of optical flow [16, 17, 28]; other various methods
are proposed [9, 26, 29, 37], including, for example, a multi-
model system that fits the best model for any given frame.
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Behaviour and event recognition systems can be catego-
rized further into those that incorporate a state-based sys-
tem of individual motion or interactions between objects
[8, 10, 21, 28, 32, 34, 35, 42], those that are based on statis-
tical approaches [2, 5, 6, 11, 13, 20, 22, 24, 30, 31, 38, 44]
and other approaches that employ appearance models and
various projection techniques (e.g., Eigenspace) [4, 23, 33,
39, 43, 45].

Current research on motion analysis for surveillance sys-
tems appears to lack work on detection of specific events of
interest (e.g., potential ‘threats’) incorporating global mo-
tion information. Systems that track individual objects or
interactions discard contextual information that can be used
to identify relevant events. In addition, research focusing
on the detection of specific events uses tracking and/or seg-
mentation, introducing an unnecessary layer of complexity,
potentially resulting in errors.

In light of previous research, contributions of the cur-
rent effort are as follows. (i) Direction maps, based on spa-
tiotemporal distributions of local dominant directions, are
proposed for capturing motion. This representation makes
it possible to capture both local and global patterns of inter-
est without the need for explicit segmentation or tracking.
Methods for (ii) recovering direction maps from video, (iii)
constructing templates for target patterns of interest and (iv)
comparing templates to video have been algorithmically de-
fined, implemented and tested. (v) In empirical evaluation,
involving over 6300 frames from 7 video clips that depicted
154 events of interest as well as control events, recognition
was observed at approximately 90% hits with 7% false pos-
itives.

This paper consists of four sections. This first section
motivates the research and briefly outlines previous and re-
lated work. The second section provides a technical ex-
planation of how the developed system works. The third
section details the experimental evaluation of the system.
Finally, section four provides a brief summary of and con-
clusions drawn from the work.

2. Technical Approach
The first central hypothesis of this work is that interesting
patterns of motion can be defined over vector fields that cap-
ture image displacement as a function of time. Such vector
fields capture not only local motion (through the locally de-
fined vectors), but also global motion patterns (through the
spatiotemporal distribution of vectors) that serve to provide
context. In this regard, global motion is defined as:

DEFINITION: Global motion is motion, as
visible in the two-dimensional image plane, that
can be captured by the displacement of large scale
patches of interest across regions of a spatial grid
as a function of time. The displacement, can be
characterized by vector fields to represent interac-

tions between multiple motion paths or between
motion paths and the scene structure.

Although useful information can be obtained from a contin-
uously defined field of velocities, small deviations from the
ideal due to small signal to noise ratio (e.g., arising from the
interaction of small magnitude target motions with distrac-
tor motions, estimation errors, sensor noise, etc.) can inap-
propriately penalize comparisons between newly acquired
data and predefined patterns of interest. In response to these
observations, the second central hypothesis of this work is
that usable, compact representations of motion patterns can
result from coarse quantization of the video, in spacetime,
into discrete regions. Within each region, local dominant
direction of motion, also coarsely quantized, is calculated
and stored. The resulting representation, recovered from
the projection of 3D scene motion onto the image plane, is
referred to as a direction map.

In the remainder of this section, details of the approach
are described: First, recovery of directional energy is pre-
sented as a way to estimate local direction of motion. Sec-
ond, conversion of directional energy to locally dominant
direction is described. Third, direction maps are formally
defined in terms of locally dominant directions, including
methods for recovery from video, hand construction of tar-
get templates and comparison of videos containing events
of interest to predefined templates.

2.1. Recovery of Directional Energies
Fundamental to the proposed calculation of local dominant
direction is the notion that visual motion can be viewed as
orientation in visual space-time (X-Y-T space) [1, 12, 40].
Each two dimensional image is treated as a sheet that is
stacked up into a three-dimensional spatiotemporal cube. A
slice of this cube orthogonal to the X-Y plane (for example,
an X-T plane), would show leftward motion as a diagonal
line starting at the top right and moving towards the bot-
tom left. The orientation of the line in this X-T slice would
correspond to the velocity. Consideration of motion as ori-
entation in spacetime is the basis of the dominant direction
detection used in the current work.

Given the concern with coarsely quantized directions of
motion, spatiotemporal energy is recovered by convolving
oriented, 3D second-derivative Gaussian filters (described
in [15]) with the video, followed by rectification via squar-
ing. Orientations of 45 and 135 degrees in the XT plane, are
used to recover measures of rightward, E45(x, t), and left-
ward E135(x, t), movement; and in the YT plane, to recover
measures of upward, E45(y, t), and downward, E135(y, t),
movement. These values are then normalized to remove un-
wanted contrast components in order to get a purer measure
of orientation [41]. The normalization equation used is

Êθ(s, t) =
Eθ(s, t)∑

θ

Eθ(s, t) + ε
(1)
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where, θ ∈ {45, 135}, s ∈ {x, y} and ε is a small bias to
prevent instabilities when the overall quantity,

∑
θ

Eθ(s, t),

is small; e.g., ε is set to 1% of the maximum (expected)
quantity. The output of these normalized measures are then
low-pass filtered with a Gaussian filter, G(s, t, σ), with σ as
the standard deviation of the Gaussian. This final filtering
removes unwanted interference effects that appear as high
frequency noise in the output and also yields an approxima-
tion to directional motion energy, Ẽθ(s, t) = G ∗ Êθ(s, t),
as positionally varying phase responses are blurred [14].

2.2. Dominant Direction
Given normalized oriented energies along spatiotemporal
diagonals, the dominant direction of motion can be calcu-
lated by summing opposing directional energy components
over a region of an image sequence. Let

ER = Ẽ45(x, t) EL = Ẽ135(x, t)

EU = Ẽ45(y, t) ED = Ẽ135(y, t) (2)

be the normalized energies recovered for rightward, left-
ward, upward and downward motions, respectively. By con-
struction, each of those quantities is ≥ 0; whereas, sign is
an integral component of direction of motion; appropriately
signed responses can be generated by taking the (point-
wise) difference of energies indicative of opposite direc-
tions. Thus, signed horizontal and vertical response, EH

and EV , results from the difference of rightward and left-
ward or upward and downward responses, given as:

EH = ER − EL EV = EU − ED (3)

where EH is positive for rightward, and negative for left-
ward motion and EV is positive for upward, and negative
for downward motion.

Dominant directions for a spatiotemporal region now can
be computed separately for the horizontal and vertical di-
mensions simply by summing the total energy over the re-
gion. Formally,

DomH =




L, if [
∑

x,y,t
EH(x, y, t) < −T ]

∅, if [ −T ≤ ∑
x,y,t

EH(x, y, t) ≤ +T ]

R, if [
∑

x,y,t
EH(x, y, t) > +T ]

(4)

DomV =




D, if [
∑

x,y,t
EV (x, y, t) < −T ]

∅, if [ −T ≤ ∑
x,y,t

EV (x, y, t) ≤ +T ]

U, if [
∑

x,y,t
EV (x, y, t) > +T ]

(5)

where L, R and ∅ (in Equation 4) represent a dominant di-
rection of left, right or no-dominant horizontal direction;
similarly, D, U and ∅ (in Equation 5) represent a dominant
direction of down, up or no-dominant vertical direction, re-
spectively;

∑
x,y,t

is summed over the region where the dom-

inant direction is to be calculated and T is the threshold to

detect coherent motion as a function of the height, width
and depth (time) of the region. Formally, T is defined as
T = τ × width × height × depth, where the coefficient,
τ , known as the the motion threshold, which is proportional
to the percentage of pixels (times their energy weightings)
within a region, required to be detected as moving in a hor-
izontal or vertical direction in order to constitute motion.
(Remark: Here EH and EV are explicitly parameterized by
(x, y, t); whereas, ER, EL, EU and ED are only given in
terms of one spatial parameter and time. In fact, all under-
lying representations are inherently 3D (x, y, t); the second
spatial parameter is suppressed in the latter cases as a nota-
tional convenience.)

Localization and labeling of motion is done simply by
using the Equations 4 and 5, summing over a local region
of interest. The result is a localized dominant direction (i.e.,
the direction of motion that is dominant within the region of
interest).

Given the definition of DomH and DomV , a finer
grained 2D representation of motion is defined in terms of
quantizing directions to one of eight angles uniformly sam-
pled at 45 degree intervals, similar to the eight cardinal di-
rections on a compass: U (Up), UR (Up-Right), R (Right),
DR (Down-Right), D (Down), DL (Down-Left), L (Left),
UL(Up-Left); this is done formally in the following case
statement:

Dom2D =




U, if [(DomV = U) ∧ (DomH = ∅)]
UR, if [(DomV = U) ∧ (DomH = R)]
R, if [(DomV = ∅) ∧ (DomH = R)]
DR, if [(DomV = D) ∧ (DomH = R)]
D, if [(DomV = D) ∧ (DomH = ∅)]
DL, if [(DomV = D) ∧ (DomH = L)]
L, if [(DomV = ∅) ∧ (DomH = L)]
UL, if [(DomV = U) ∧ (DomH = L)]
∅, if [(DomV = ∅) ∧ (DomH = ∅)]

(6)

In other words, Equation 6 interpolates between DomV

and DomH . For example, if DomV = U and DomH = R,
then Dom2D = UR (Up Right).

2.3. Direction Maps
Formally, a direction map is defined as a 3D array,
D(x, y, t), with x, y, t corresponding to quantized horizon-
tal, vertical and temporal dimensions, respectively. Each
element of the array contains a (quantized) direction of mo-
tion, v, corresponding to one of the eight cardinal directions
augmented to include the null case as given in Equation 6,
i.e.,

v ∈ {U, UR, R, DR, D, DL, L, UL, ∅}

In general, region quantization (QX , QY , QT for hori-
zontal, vertical and temporal dimensions, respectively) is
scenario dependent. Spatial units of quantization are cho-
sen so that resulting cells are not significantly larger than the
expected image size of monitored objects. For example, in
traffic scenes, if the expected car size is around 20×20 pix-
els, QX and QY should not be set much larger than 20×20.
The temporal unit of quantization, QT is determined by the
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maximum expected speed of objects of interest as well as
the input frame rate. For example, if one expects a car to
make a left turn in no less than 20 frames of video, and
each individual component of the turn (i.e., the move into
the intersection, or the beginning of the turn, etc.) took ap-
proximately 6 frames, one would set QT to be 6. Examples
in this work use a quantization of 20 pixels in both width
(QX ) and height (QY ) and 6 pixels/frames in time (QT ).

Quantized directions of motion are stored as one of 8
possible directions in the image domain as Up, Up-Right,
. . . , Up-Left, represented by the integers 0. . . 7, respec-
tively; no-dominant direction is given the integer value 8.

Given specified quantization rates, a direction map is re-
covered from a video of interest by populating the represen-
tation with estimates of local dominant direction, as defined
in Equation 6, with regions of summation for the precursor
computations, Equations 4 and 5, given in terms of quanti-
zation rates.

Similar to the recovery of direction maps from input
video, template direction maps can be specified to define
target patterns of interest. In general, ‘interesting’ target
patterns of motion, whether for surveillance or otherwise,
are application specific (i.e., an activity considered threat-
ening in one scenario might not be in another). Currently,
templates are specified by a human operator through a user
interface that supports manual specification of spatial and
temporal pattern extent (i.e., spatial coverage and tempo-
ral duration) as well as quantization rates. Resulting spa-
tiotemporal cells are then populated with relevant directions
plus no motion, as consistent with the definition of direction
maps. Also allowed is the specification of a don’t care flag
(represented by the integer 9) for spatiotemporal regions
that are of no interest. (A GUI has been developed to select
directions over a reference background image.) A match
threshold, µ, in units of directional distance (discussed be-
low), is then assigned for each template. An example di-
rection map template, shown as a vector plot overlaid on
several frames of an applicable video, is shown in Figure 1.

To help achieve a high hit rate, it is important, when cre-
ating templates, to capture only the portion of the motion
pattern that is intrinsic to the event itself; however, keeping
some preceding motion (i.e., moving forward before mak-
ing a left turn) and succeeding motion may be required to
prevent false positives. Development of more automated
methods for template generation (e.g., based on learning
techniques) is a subject for future research.

To detect a pattern of interest (as defined by a direction
map template) in a video (as abstracted to a recovered direc-
tion map) it is necessary to define a measure of the distance
(i.e., directional distance) between a template at a specific
spatiotemporal position (i.e., offset) with respect to a recov-
ered direction map. Let T (x, y, t) and R(x, y, t) be tem-
plate and recovered direction maps, respectively. Let u, v, w
be offsets within R at which a comparison is performed.
Distance between two corresponding cells in the template

and recovered maps (x, y, t) and (x + u, y + v, t + w) is
defined to capture the following considerations. First, the
distance between two (quantized) directions is defined as
their angular difference divided by 45 (the angular unit of
quantization), with a maximum of 4, for opposite direc-
tions. Second, the distance between no motion and any mo-
tion is defined as 2 (half the maximum distance), the dis-
tance between no motion and no motion is 0. Third, the
distance between don’t care and anything is 0. Formally, let
R̂ = R(x + u, y + v, t + w) and T̂ = T (x, y, t).

d(R̂, T̂ ) =




0, if [R̂ = 8 ∧ T̂ = 8 ]

2, if [R̂ ∈ {0 . . . 7} ∧ T̂ = 8 ]

0, if [T̂ = 9 ]

4 −
∣∣∣(|R̂ − T̂ |) − 4

∣∣∣ , otherwise

(7)

The distance with respect to an entire template, T , at a spe-
cific offset, (u, v, w), with respect to R is taken as the sum
of the distances between individual corresponding cells, i.e.,

Distance(R, T ) =
∑

(x,y,t)∈T
d(R̂, T̂ ) (8)

A match between T and R at position (u, v, w) is de-
fined whenever Distance(R, T ) is less than the match
threshold, µ. Thresholds are scaled on a template-by-
template basis to compensate for the differences in support
regions, i.e., the spatiotemporal extent of T .

3. Empirical Evaluation
3.1. Experimental Design
Seven video image sequences have been captured from var-
ious scenarios corresponding to scenes that include motion
patterns of interest as well as control (uninteresting) motion.
These videos have been digitized at a spatial sampling of
320×240 (and 368×240 in the case of Video 3) at 8bpp. For
each video, direction map templates were manually created
for each event of interest, as described in Section 2.3, and
their spatiotemporal coordinates were recorded to serve as
ground truth detection data. Each video is then sent through
the system for matching with a current average execution
rate of 7fps in Linux on a Xeon 3.06GHz with 1MB cache.

For two videos, a detailed analysis is presented includ-
ing the detection accuracy with varying levels of shot noise,
contrast and motion threshold τ (described in Section 2.2).
Other variables (e.g., quantization) could have been system-
atically manipulated to further evaluate the system perfor-
mance; however, noise, contrast and motion threshold were
considered the most significant. For the remaining videos,
overall hit and false positive rates were recorded.

The decision to use shot noise as opposed to, e.g., addi-
tive Gaussian noise, is due to the fact that shot noise is more
representative of noise anticipated in real-world surveil-
lance video. (As surveillance cameras are either wireless or
have lengthy cables, they are particularly susceptible to this
kind of noise from spurious electromagnetic pulses due to
motors and appliances near the transmission path [7]). The

4

Proceedings of the Seventh IEEE Workshop on Applications of Computer Vision (WACV/MOTION’05) 
0-7695-2271-8/05 $ 20.00 IEEE 



corruption algorithm used is as follows: If n% noise is se-
lected, for each frame of video, a random n% of the pixels
have their values replaced by noise of a uniform distribu-
tion over all legal grey-level values. Contrast (considered
here as the dynamic range between the maximum and mini-
mum grey-level values) is manipulated by multiplying each
pixel by the new contrast value.

In all examples, unless otherwise specified, a default mo-
tion threshold of τ = 0.2 and quantizations of QT = 6
(frames) and QX = QY = 20 (pixels) were used. Almost
all objects to be detected in our experiments had image di-
mensions of at least 25×25 pixels. These parameter values
were selected based on preliminary experimentation.

3.2. Detailed Examples
Two videos are analyzed here in detail; Video 1 was taken,
by the first author, from the second floor of a building over-
looking a hallway on the first floor and contains 25 events
of interest in approximately 550 frames, Figure 2 displays
three frames of this video. There are four main entrances
to this hallway, one at each side of the screen. Nine tem-
plates were created corresponding to entrances and exits
from each side of the screen as well as an additional tem-
plate corresponding to a group of people converging at one
point (convergent crowding). A template direction map for
a person entering the right corridor is depicted in Figure 3.

Figure 2: Three frames from Video 1

Figure 3: A template direction map (for Video 1) representing a
person entering the right corridor

Video 2, as shown in Figure 4, was taken from a win-
dow of a building, overlooking a four-way intersection in
Cambridge, MA, and was taken by Kettnaker and Brand
(used in [5]). The video contains 11 events of interest in
approximately 1520 frames, Figure 4 displays three frames

of this video. Templates were created for four motion pat-
terns, corresponding to a right turn going eastbound (it is
assumed that north is at the top of the video), a right turn
going westbound, a right turn going northbound and a left
turn going westbound (as depicted in Figure 1). Overview
charts of the results are provided in Figures 5, 6 and 7.

Figure 4: Three frames of Video 2

From the initial analysis of the unmodified Video 1, con-
taining 25 events of interest and much control data (e.g.,
various pedestrian motions not corresponding to any con-
structed template), 18 events were correctly detected plus 5
false positives; this gives a 72% hit rate, and 16.67% false
positive rate.

Analysis of Video 2, unmodified, with 11 events of in-
terest gave a 100% hit rate and a 0% false positive rate. It is
believed that the constraint on motion, given by the traffic
lanes, resulted in the high accuracy.

Figure 5: Hits and False Positives at varying levels of noise - Video
1 (top) (note: data is plotted at shorter intervals for lower noise levels
in this experiment), Video 2 (bottom)

As noise was progressively added to Video 1, the amount
of hits detected did not significantly decrease until shot
noise surpassed 40% (significantly higher than typical real-
world noise levels); the number of false positives did not
significantly increase, however, it was highest at 50% noise
(and later reduced again at 60%). See Figure 5 for the Hits
& False Positives vs Noise chart.

Addition of noise to Video 2 appeared to be directly re-
lated to a decrease in the hit rate; however, noise had no
significant effect on false positives (see Figure 5).
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Figure 6: Hits and False Positives at varying levels of contrast -
Video 1 (top), Video 2 (bottom)

Contrast was systematically reduced to 10% in both
videos and detection results show that there was no sig-
nificant consequence of contrast reduction in either video
(see Figure 6). Interestingly, it was also found that low-
ering the contrast sometimes reduces false positives from
low-contrast ‘noise’ such as shadows, reflections, etc.

For both videos, the motion threshold, τ , was varied
from 0.1 to 0.3 (in increments of 0.05). It was found, as ex-
pected, that in both videos, a lower value of τ corresponded
to a higher hit rate and a higher false positive rate; while a
higher value of τ corresponded to a lower hit rate and lower
false positive rate (see Figure 7). In Video 1, a threshold be-
tween 0.2 and 0.25 yielded best performance from an ROC
perspective; in Video 2, a threshold of 0.2 yielded perfect
performance.

3.3. Additional Videos
HITS 17
MISSES 3
FALSE POSITIVES 3

% HITS 85.00%
% FALSE POSITIVES 13.04%

HITS 6
MISSES 1
FALSE POSITIVES 1

% HITS 85.71%
% FALSE POSITIVES 12.50%

Table 1: Results for Video 3 (left), and Video 4 (right)

Videos 3 and 4 were taken from the same scene as
Video 1 (see Figure 2). Extra templates were created to
improve detection for the Leave at Bottom and Enter From
Bottom events as it is hypothesized that single templates for
these events would not be sufficient to encompass the wide
range of motion patterns for the events themselves due to
the wide corridor (resulting in a higher number of misses);
other templates were not modified. Video 3 contained 20

Figure 7: Hits vs False Positives at varying thresholds (ROC) -
Video 1 (top), Video 2 (bottom)

events of interest, and Video 4 contained seven. Results
shown in Table 1 confirm the hypothesis of the efficacy of
additional templates as the hit rate increases while false pos-
itives are little changed in comparison to Video 1. Applying
these additional templates to Video 1, a hit rate of 84% (21
hits) was achieved without modifying the false positive rate.

Figure 8: Three frames of Video 5

HITS 11
MISSES 0
FALSE POSITIVES 0

% HITS 100.00%
% FALSE POSITIVES 0.00%

Table 2: Results for Video 5

Video 5 depicts a relatively narrow hallway with a se-
cure door on the left side; the events of interest contained
entrances and exits through the secure door to and from the
top and bottom of the screen as well as entrances and exits
into the hallway from the top and the bottom. Three frames
are displayed in Figure 8 and results are shown in Table
2. In this video, there were 11 possible events to detect;
it should be noted that all subjects in this particular video
have been classified as ‘potential threats,’ as a result, there
was no control data (uninteresting motion) for this scene.
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Figure 9: Three frames of Video 6 (top) and Video 7 (bottom)

HITS 37
MISSES 4
FALSE POSITIVES 1

% HITS 90.24%
% FALSE POSITIVES 2.38%

HITS 35
MISSES 4
FALSE POSITIVES 2

% HITS 89.74%
% FALSE POSITIVES 4.88%

Table 3: Results for Video 6 (left), and Video 7 (right)

Videos 6 and 7 have been taken from a real traffic surveil-
lance camera overlooking a pair of intersections in Belle-
vue, WA (courtesy of the department of Traffic Manage-
ment in Bellevue, Washington). In Video 6, which was
taken at around sunset, it was light at the beginning of the
video, and begins to get dark by the end; Video 7 was taken
at dusk, the beginning of the video is somewhat dark and it
is night by the end. Three frames of each video are shown in
Figure 9 and results shown in Table 3. Video 6 contained 41
possible events of interest and Video 7 contained 39 events
of interest; these events correspond to right and left turns at
any of the intersections.

3.4. Discussion
Over all experiments conducted, without artificial corrup-
tion, 154 possible events were tested for matches; there
were 138 matches and 12 false positives, giving an overall
hit rate of 89.6% and a false positive rate of 7.2%. It should
be noted that some of the misses in Video 1 were later ac-
counted for with additional templates (which brought the
overall hit rate up from 87.7% without changing the over-
all false positive rate). Also, in all but one of the experi-
ments, there was a high amount of ‘uninteresting’ control
data to potentially increase the rate of false positives; how-
ever, this remained low. Further, artificial manipulation of
noise and contrast showed that the system is interestingly
robust to such corruption. Significantly, those results were
attained with a single motion threshold (τ = 0.2); system-
atic manipulation of this variable in two detailed examples
illustrated its effect on performance.

The additional templates created in Videos 3 and 4 (and
later applied to Video 1) were motivated by the difficulty in
classifying certain motions of interest by a single pattern.
For example, the Enter from Bottom template is defined as
a single template where motion proceeds upwards into the
visible scene; this particular template does not account for
those entering from below at a diagonal. Two potential so-
lutions to this problem are: (i) create multiple templates for

such scenarios (as chosen for Videos 1, 3 and 4), (ii) con-
strain the environment with ribbon fences (e.g., as used for
lineups at a bank) to restrict such ‘unexpected’ motion (ac-
curacy was significantly higher in videos where moving ob-
jects were more constrained, i.e., Videos 2, 5, 6 & 7). Creat-
ing a single broader template with a higher match threshold
is not recommended as this will result in a higher number
of false positives in most scenarios.

Cars making right turns going West in the experiments
for Videos 6 and 7 may have been partially occluded by
cars in the closer lane; also, since the camera was placed on
an angle monitoring two separate intersections, cars further
to the north appeared significantly smaller than those closer
to the camera resulting in a lower hit rate. It is hypothe-
sized that if these particular traffic videos were sampled at a
higher frame rate, results for the Right West may have been
improved as the system may have more unoccluded data of
the event taking place.

Consideration of false positives detected suggests that
the majority of false positives are due to motions that appear
to move according to the template, but are generally unex-
pected for the scene. Examples include a subject walking
near the right corridor (in Video 1) before turning around as
if she is walking out of it, or a subject who swung his hand
backwards towards the left corridor. Other false positives
were caused by shadows or car headlights. Suggestions to
reduce the number of false positives include adjustment to
the camera placement and angle to decrease the imaging of
superfluous motion, environmental constraints (e.g., ribbon
fences) as well as additional lighting to attempt to minimize
the contrast of shadows and the projections of headlights.

It is believed that the stability to noise in Video 1 is due
to the relatively small region (QX × QY ) size, relative to
the size of people in the scene. Conversely, the lower ro-
bustness to noise in Video 2 is due to the region sizes being
much closer to the size of the objects. To achieve a greater
robustness to noise, one might use higher resolution video
or decrease the spatial quantizations, QX , QY , relative to
the expected object size. It should be noted that even 6%
noise is unlikely to occur in realistic traffic video. The high
degree of robustness to contrast variation is due to the con-
trast normalization of directional energy (see Equation 1).

On the whole, large variations in contrast as well as light-
ing (i.e., day to night) proved to be of little significance to
the system as the energy normalization process had taken
account of these factors. Further, the system showed a re-
silience to high levels of noise. It also has been found that
a motion threshold, τ , of approximately 0.2, leads to a uni-
formly strong performance from an ROC perspective [27],
regardless of tested scene structure or lighting conditions.
Results of all the experiments are promising and suggest
that a template-based system can be used to detect global
motion events of interest with a high degree of robustness.
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4. Summary and Conclusions
A novel approach for simultaneously detecting and classi-
fying motion patterns, as depicted in video, has been pre-
sented. Central to the approach is the notion of direction
maps, which capture the spatiotemporal distribution of lo-
cal dominant directions of motion. Direction maps are re-
covered from input video through the application of ori-
ented, bandpass spatiotemporal filters, followed by coarse
quantization in space, time and dominant direction. Sim-
ilarly, template direction maps can be defined by hand to
capture application specific target patterns of interest. In
either case, the resulting maps make explicit both local and
global motion information across both space and time, with-
out the need for explicit segmentation or tracking. Since
both the templates and processed video are in comparable
(direction map) formats, a simple distance calculation has
been defined to detect target patterns in video. The ap-
proach has been evaluated in application to the detection
of user-defined patterns of interest in surveillance and traf-
fic videos. Seven videos, encompassing a wide range of
variability (scene structure, indoor/outdoor settings, illumi-
nation, targets of interest, noise and contrast), have been
considered. The results suggest the applicability of the ap-
proach to real-world scenarios of interest.
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