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Abstract comparative evaluated agsinst two well-known technigues
reported in the literature.

Motion detection is a fundamental processing step in the
majority of visual surveillance algorithms. While an in- 2. Previous Work
creasing number of authors are beginning to perform quan-
titative comparison of their algorithms, most do not ad- A number of techniques have been proposed dedicated
dress the complexity and range of the issues which under-o performance analysis of visual surveillance algorithms
pin the design of good evaluation methodology. In this pa- Many of them deal with evaluation of detection of moving
per we present a motion detection algorithm with a number objects [1, 2, 3, 4, 5, 6, 7, 8, 9, 10, 11, 12], whereas oth-
of novel contributions one of which specifically addresses €rs address evaluation of the tracking of detected objects
the problem of large and sudden lighting variations caused throughout the video sequence or both[13, 14, 15, 16, 17,
by Sun“ght_ A motivated and Comprehensive ComparativelS]. Since successful tracking relies heavily on accurate
evaluation methodology is described and used to compareobject detection, the evaluation of object detection algo-

our proposed motion detection algorithm to two well-known rithms within a surveillance systems plays an importarnt par
techniques reported in the literature. in overall performance analysis of the whole system.

. Ground Truth
1. Introduction
Evaluation based on GT offers a framework for objective

Motion detection is a fundamental processing step in the comparison of performance of alternate surveillance algo-
majority of visual surveillance algorithms. While an in-  rithms. Such evaluation techniques compare the output of
creasing number of authors are beginning to perform quan-the algorithm with the GT obtained manually by drawing
titative comparison of their algorithms, most do not addres bounding boxes around objects, or marking-up the pixel
the complexity and range of the issues which underpin apoundary of objects, or labelling objects of interest in the
good evaluation methodology. Such issues include the dis-original video sequence. Manual generation of GT is an
tinction and relative merits of pixel-based versus object- extraordinarily time-consuming and tedious task and, thus
based metrics; the motivation of appropriate metrics; the inevitably error prone even for motivated researcherse (Se
impact of defining the end application; making expliciteval | st et a[19] for an interesting study on inter-observer vari-
uation parameters and selecting appropriate values; &d thability in this context.) Blaclet alrecently proposed the use
role of ROC optimisation of algorithms. In this paper we of a semi-synthetic GT where previously segmented people
review the performance evaluation literature, discussesom or vehicles are inserted into real video sequences[13].
of the more complex issues, and propose a motivated and |nterpretation of evaluation results is obviously based
comprehensive comparative evaluation methodology basethn the type of GT used for comparison. However, estab-
on ROC optimisation and a proposal for standardised end-lished standards for GT are only just emerging. There are
user applications as context. several ambiguities involved in the process of GT genera-

Sudden lighting conditions are particularly problematic tion. For example, whether to account only for individual
for motion detection algorithms. Compounded by the com- objects or also for groups of objects, or whether to look
pensating response taken by most cameras, the result is at the bounding boxes or exact shapes of objects. Several
significant change in both intensity and colour. We in- GT generation tool are available: VIPER[5], ODViS[16],
troduce a novel technique for handling such rapid light- CAVIAR[20]. Standardisation of datasets has been cham-
ing variations based on the observation that these globalpioned by PETS Nationally funded initiatives currently
changes give rise to correlated changes in UV. A search repreparing datasets include the Fre®HSEOproject and
gion for constraining these colour changes is controlled by the UK Home OfficeLIDS project.
the globalmean colour differencef the frame. T . "

ROC analysis is used to optimise the selection of para- zm”mg;’%Cf'r“/jge'taic's“:g;g"b'””:ETSMETR'CSIPE@"dataset
meters and to verify the effectiveness of a novel area thresh 3hnp:',,sciencear’,dreseamh.homeoﬁice_govluk/hosdlsmw
olding process. The proposed motion detection algorithm is events/270405




Common Performance Metrics However, the more principled approach is based on Re-
Performan valuation algorithms based on compari nceiver Operating Curves (ROCs).
eriormance evajuation aigo S Dased on companson  e\q\eq to characterise the behaviour of binary clas-

m;h grgu(;dn;tl::&c?hne be rl;urg;zr c_:_asis(l:leiid aigﬁ:ﬂrl?u:ﬁ sifiers, ROC curves plotrue positive rateagainstfalse
basé}(/jpmetrics are comy Eteg fror.n nge o};'itfc\J/e {TP) positive rateto facilitate the selection of optimal classi-
P P ' fication parameters and compare alternative classification

Iie\lllse _F;ONS'“VGS&FP?’ fali? Seiga:::;frﬂ:nm’nandttrga)n?gvi' techniques|[3, 6]. An ROC graph is an alternative presen-
F es( |)l; as ;np f.se FeP dEN fgetcy ‘a | clo I. tation to plotting metrics for each frame in the sequence
Or pixel-basedmetrics an FeTer 1o pixels misclas- -\ hich is often difficult to assess by a reader[9].

Output True Class

Class Foreground | Background Other Performance Metrics

Fore || True Positives (TP)| False Positives (FP All pixel-based methods which evaluate individual object
Back || False Negatives (FN) True Negatives (TN) segmentation rely on existence of shape-based grourfu-trut

mask generated by costly process if they are to avoid er-
rors. In addition to the advantage of avoiding hand labgllin
individual foreground pixels in every frame, object-based
methods only require ground-truth in the form of bounding-

Table 1: Contingency Table

sified as foreground (FP) or background (FN) while TP and

TN account for accurately classified pixels[2, 3, 4, 7, 14, boxes[6, 15, 11]. The object-level evaluation proposed by

17, 13]. Usually, _they are qalculated for egch frame and Hall et al[11] plots detection rates and false alarm rates us
an overall evaluation metric is found as their average over.

. . . . ng various values of overlap threshold to determine associ
the entire video sequence. For object-based metrics TP_ : . )
" - ation with the GT. As they do not have true-negatives, false
refers to the number of detected objects sufficiently over-

lapped by GT, FP to the number of detected objects nOtalarm rate is computed as altgrnatlve to false positive rate
- and the area under the curve is used as a measure of per-
sufficiently overlapped by the GT, and FN to the number . .
) .y . formance. Other object-based metrics proposed are based
of GT objects not sufficiently covered by any automatically L g
: . on the similarity of detected and ground-truth objeiots
detected objects[6, 15, 11]. (Note that thisgree of ove- . o o L0
; X relative position[16, 11] or shape, statistical simika@nd
lap is a parameter of the evaluation process.) Some authorssize[1 11]
combine both types[5]. Furthermore, a number of methods P : . L
evaluate individual objects by weighting misclassified-pix A major problem in motion detection is the fragmenta-
) y weighting PIX' tion and merging of foreground objects. While these will

els according to their impact on the quality of segmented impact on pixel-based metrics, a number of explicit metrics
object[1, 8, 9, 10, 12] - in essence, pixel-based methods. P P ' P

Typical metrics computed per-frame or per-sequence arehave been proposed[6, 5]. Typically these measure the av-

the true positive rate(or detection ratg ¢,,, false positive crage ngmber of detected regions overlapping each ground-
e truth object and average number of ground-truth objects as-
rate f,, false alarm ratef, andspecificitys

sociated with multiple detected regions.

Nrp Ngp Metrics may also be designed to take account of human
tp = Nrp+ Ney' o = Npp + Npy' @) perception of error where false positives and false negstiv

Ngp Nrn hold different levels of significance by introducing weight
fa = Nop £ Npp’ Sp = Nep + Now (2) ing functions for misclassified pixels on an object-by-abje

basis[8, 10]. Villegas and Marichal[8] increase the influ-

whereN7p, Nrpp, N7y andNgy are the number of pixels — ence of misclassified pixels further from the boundary of
or objects identified atue positivesfalse positivestrue ground-truth objects. Cavallaet a[10] account for tem-
negativesandfalse negativesespectively. poral effects ofsurpriseand fatigue effects where sudden

In some applicationse(g. facial identification) compet-  changes in quality of segmentation amplifies error percep-
ing algorithms are presented with images which contain tion.
known clientsandimposters For object-based motion de-
tection evaluation, there is no equivalent prior set of know 3. Motion Detection Algorithm
imposters.e. false objects in the ground truth! Thus, as it
is not possible to identifyrue negativesthefalse positive  Motion detection algorithms aim to detect moving ob-
rate cannot be computed. jects whilst suppressing false positives caused by lightin

The great majority of proposed metrics are restricted changes, moving background, shadows ghdsts We in-
to pixel-level discrepancy between the detected foregtoun troduce a novel technique for handling rapid lighting cendi
and the ground-truth - namely false positive and false neg-tions (that normally result in false detection) using the ob
ative pixels. These metrics are useful to assess overall segservation that these global changes give rise to correlated
mentation quality on a frame-by-frame basis but fail to pro- changes in UV. In addition, two Gaussian colour probability
vide an evaluation of individual object segmentation. ®fte density functions (PDF) are used to model different aspects
these measures are normalised by image size or the amourdf a background pixel. Using these volumes it is possible to
of detected change in the mask[10], or objettvanc§l]. classify each new pixel &sreground shadow highlightor



background To validate the approach, the method is com- radius is determined by the second classification parame-
pared against other published methods[21, 22]. ter s which determines the proportion of the distribution
contained in the voluméd < 75 < 1}.

3.1. Pixel Classification Having defined the three decision spaggd’V, RV and
The classification of each pixel into the thrieackground S"RGB 'we can assign each pixgla label), as follows
shadowor foregroundlabels proceeds as follows:

Background if (d) € BYUV) or ((;5 € RUV) ,
Ay = { Shadow elseif ¢ € SMREE,
) Foreground else.

Background: A three-dimensional Gaussian PDF in YUV
colour-space is used to model the appearance of the back
ground. Each pixel is assignedBackgroundlabel if it

lies within abackground volumgY YV defined by the Chi-
squared distancg?, from the PDF mean. The radius is de- 3.2. Updating Colour PDFs

termined by the classification parametgr {0 < 75 < 1} o

which determines the proportion of the distribution con- A Gaussian PDF is represented by its meaand scatter

tained in the volume. matrix 3 (a precursor of the covariance). The usual (and
o _ . simplist) approach to updating the Gaussian PDFs of back-
Global Lighting Change: For pixels not labelled aBack- ground pixels is to employ a temporal weighting scheme

ground further classification is undertaken to detect back- pased on the current values.

ground pixels affected bglobal light changesTo achieve

this we shall assume that as global light intensity lev- YUV = 4,cYUV + (1 - a,)ulYY

els across the image increase and decrease, there is usu-.y v YUV, YUVAT YUV

ally a correlated increase or decrease in the UV content at ~* as(e; " ")e 7)T 4 (1 —an)¥iy

each pixel. To capture the impact of these global intensity #7"“? = a,cf 9P + (1 — oy, )P

changes on a pixel, we define a dynamlc_ r_ectangular_ regionsynRGB o (cPROB)(enRGBYT 4 (] _ o450 RCB
RYV in U,V (see Figure 1) whose position and orienta-

tion are determined by the mean of the background PDF,wherecY V" andc™?%? are column vectors containing the
and whose dimensions, W are determined by thmean colour components of a pixel, and,, ax, are the update
colour differenceD of the whole frame. To retain a back- weights for the mean and scatter respectively. (Typically t
ground labellJ, V must be located withiRY" . ameliorate noiseyy, ~ aﬁ.) In practice, by assuming that
the components of the colour spaces are independent, con-
siderable reduction in processing time (for updating scatt
matrix, inverting covariances and computing Mahalanobis
distances) can be achieved.

In the aboveFixed strategy, the update factors are ap-
plied even if the pixel is labelled as foreground. In prastic
suspending updating when labelled as foreground is prob-
lematic; leading tdock-outeffects when previous station-
ary parts of the scene start moving. Instead we shall inves-
tigate anAdaptive update strategy using a different lower

Figure 1: Pixel Labelling update weight for foreground pixele.
If U andV are the averag€, V' components in a frame, o — sV if A = Foreground, 3)
thenmean colour differences defined asD = |U — V. K ay else.

The minimum and maximum mean colour differences over
atypical day,D.,;, andD,,. respectively, are usually com- )
puted at setup. The mean &V is Uy, Vp, and its ori-  3.3. Area Thresholding

line connecting the mean to the origie. tan¢ = V5/Uo.  detection mask to eliminate small regions using a constant
Length L is defined ag, = D — Duin While the widthis  thresholdr,. In this Constantstrategy, a fixed area thresh-
currently 20% ofL. old will disadvantage small distant objects. A secdit

Shadow: A common approach to locating shadows is to €ar variant of this algorithm is _employed Whiph Iingarly
assume that any significant intensity change without signif Scales the threshold as a function of the vertical distance
icant chromaticity change has been caused by shadow[23].fr°m the horizon. (Obviously we assume that the horizon
Chromaticity is computed usingormalised RGEnRGB) in is recovered at setup[24].) Thus, for an object whose
colour space, and as before, each pixel is modelled by abase is located at pixel row

3D Gaussian PDF. Pixels are classified as shadow if they lie ) )

within aShadowolumeS™#%E whose boundary is defined A = YA(in = 1) + Tap, )

by the Chi-squared distanc;és from the PDF mean. The

wherev4 andr,_ . are algorithm parameters.

min



Figure 2: Evaluation Dataset

4. Evaluation Methodology " g
4.1. Dataset and Ground Truth 075 | 07s |

The dataset consists of 8210 frames recording activities in
a car park at full frame-rate covering a period of five and

054 054 J--

Detection Rate
Detection Rate

a half minutes. (Example frames shown in Figure 2.) The — o, e

CCTV camera has iris auto-correction and colour switched ’

on. The video sequence includes a total of 24 moving ob- Yy om o5 o P e s o
jects, people and vehicles appearing at close, medium anc False Positive Rate False Positive Rate

far distances from the camera. There are a variety of both  (a) Single Classification Parameter (b) Multiple Parameters
gradual and sudden lighting changes present in the scene

due to English weather conditions (bright sunshine inter- Figure 3: Generating ROC Curves

rupted by fast moving clouds, reflections from windows of
vehicles and buildings). There are both static and dynamic |  th timal i int is ch i th
occlusions present in the scene with moving objects cross- N general the optimal operating point 1S chosen in the

ing paths and disappearing partly or totally behind stdiic o top Ie.f_t qqadrant of the ROC space and Is defined as .the
jects. In addition, a strong wind causes swaying trees andclassmcatmn parameter value on the iso-performance line
bushés to disturb'the background with the lowest misclassification cost. The gradianof

The ground truth is generated manually (by one person)thIS line is defined as
using an in-house semi-automatic tool for drawing bound- - (1-Pr)Crp
ing boxes for every target within each frame of the video ~ Pr Crn
sequence. Ground truth provides the temporal ID of the ob- . i . .
ject, its bounding box enclosing pixels of interest, defines wherePr is the prior probability of a foreground pixel (or

the type of the object whether person or vehicle, and definesObje_Ct)’ FmeFN and Crp are_the cost of _classifying a
the degree of occlusion with other objects unoccluded, moving pixel (or object) as stationary and vice versa. Mis-
semi-occluded or fully-occluded classification costs depends on the intended application of

motion detection€.g. tracking, counting people, alarming,
) detecting a specific persoetc) and the ratio of foreground
4.2. ROC-based Analysis pixels (or objects) to background in the GT. Points on the

Receiver Operating Curves (ROC) are a useful method ofdraph lying above-left of the line have a lower misclassifi-

interpreting performance of a binary classifier. ROC curves €ation cost while points below-right of the line have larger
graphically interpret the performance of the decision- COSIS- The misclassification coStat the operating point
making algorithm with regard to the decision parameter by 5+ /5 iS given by

t;, f;) = (]. - PT)CFPf; + PTCFN(l - t;) (6)

plotting theTrue Positive Rat€t,) against theFalse Pos- o(
itive Rate(f,). Each point on the curve is generated for

the range of demsm_n parameter _vf';llues - see Figure S(a)Cost Scenarios

In foreground detection, such decision parameters could be

a threshold on the greylevel difference between incoming To explore the effect of the cost ratio, we shall introduce tw
pixel and reference pixel, or a threshold on the size of any different cost scenarios: tfiécket Fraudscenario in which,
foreground object. When there is more than one classifica-say, the cost ofletaining an innocent member of the pub-
tion parameter, a distribution of points representing all p  lic C'rp is defined as double the cost of failing to catch a
rameter value combinations is generated in the ROC spaceticket fraudstelC'r; and theEvidence Gatheringcenario

The required ROC curve is the top-left boundary of the con- in which the cost ofvideo-ing an innocent passerbyrp
vex hull of this distribution as shown in Figure 3(b). is, say, 10 times smaller than the cost of failing to video a

®)



terrorist bombeC» x*. The relative costs are arbitrary, and Signal Rate: The signal rate,. provides an insight into the
the relationship of these applications to motion detedson localised quality of segmented objects, and is defined as
indirect. However, these different cost ratio scenarios en

sure we are mindful of the ultimate application in the eval- 5y = Nrp @)
uation stage. (Obviously defining the social costs of viola- Nrp+ Npp
tions oflibertarian andpublic safetyconcepts is extremely

where Nrp is the number of detected pixels within the
bounding boxes of the ground truth, amd;, repre-
Evaluation Parameters sents any false positives that have pixel connectivity & th
ground-truth. The behaviour of this metric is illustrated i
Figure 5. Rather than measure the global signal confusion,
tthis version attempts to measure the degree of local confu-
sion surrounding detected objects.

fraught!)

Typical performance evaluation takes the output of some
visual surveillance algorithm and compares it wgtlound
truth data - as illustrated in Figure 4. The performance of
any surveillance algorithm will depend on the choice of the
internal parameters. Optimal performance is typically de-
termined using the ROC methodology discussed above.
Crucially, however, the result will also depend on the !
inevitable array of parameters required by the evaluation ' /i
modulee.g. the degree of overlap between the detected | «
moving regions and the ground truth objects. How would
you select appropriate values for these? A naive approach

would be to include these evaluation parameters within theFigure 5: SNR Metric: (Left) Original with GT, (Middle)

ROC methodology to select the optimal algorithnd eval- . i~
uation parameter values. However, the result would be toDetected Blobs (Right) Connected false positives

evaluate each alternative surveillance algorithm witlifa

ferent evaluation algorithm. Hardly an objective compari- Specificity: During sudden lighting changes, the detection
son! In our case, we propose to determine appropriate evalmethod should ideally avoid classifying large parts of the
uation parameters using the ROC analysis applied to a comimage as foreground. Many metrics do not necessarily cap-

petitor algorithm. ture this behaviour as the number of true positive pixels
e . paradoxically increases. Tt&pecificitymetric (see equa-
I _GroundTruth | tion 2) essentially measures the number of background pix-
. _ I ‘ els which remain background, and hence drops dramatically
nput segmenation Cvaluation metrics if the detection method fails to cope with light changes.
—>  Algorithm > Method >

To motivate the selection of appropriate object-based
HE H HE H metrics, we note that motion detection is usually followed
Algorgth:n';;r%eters Evaluntion Parameters by a blob trz_;\cker to establish the tempqral history Qf any
detected object. The performance of this tracker will de-
pend crucially on (i) the proportion of true objects located
(ii) the degree of local confusion caused by falsely detecte
objects, and (iii) the degree of fragmentation of true otgjec
. Object-based metrics pose a problem which does not
4.3. Proposed Metrics arise for pixel-based metrics: establishing the correspon
In pixel-based performance analysis, the label of each pixe dence between GT objects and the inevitably fragmented,
(TP, FP, EN, and TN) is defined as follows: detected fore- merged and displaced detected blobs - particularly problem
ground pixels inside the GT bounding box (TP), detected atic as the density of objects rises and in the presence of
foreground pixels outside the GT bounding box (FP), de- noise objects. Following a typical approach, we use the de-
tected background pixels inside the GT bounding box (FN) gree of overlap between detected objects and GT bounding
and detected background pixels outside the GT boundingboxes to establish this correspondence. In general, this ca
box (TN). As the ground-truth is only specified to the level result in one-to-many and many-to-one relationships. Thus
of the bounding box, true-positive rates do not reach 100%.the number of true position§;p and false negative¥ r v
can be larger than the number of ground truth objécise.
Nrp+ Npy > N.

In object-based performance analysis, the label of each
object (TP, FP, and FN) is defined as follows: detected fore-
ground blob overlapping GT bounding box (TP), detected
foreground object not overlapping a GT bounding box (FP),
and a GT bounding box not overlapped by any detected ob-
4This must also capture the storage and post-event search cost ject (FN). There are no definable true negatives.

Figure 4: Typical performance evaluation system

ROC Analysis and Classification Costs:ROC analysis
will be performed for each presented algorithm to identify
optimal parameters (irrespective of published valuesfer
proposedTicket Fraudand Evidence Gatheringcenarios.
The Classification CosfCost) at these operating points for
each scenario will be recorded per algorithm.




Object Detection Rate: Object detection rate (or true pos- | Scenario || Evidence Gathering | Ticket Fraud |

itive rate) measures the proportion of ground-truth olsject [ 5 0.60 0.975
correctly detected - see equation 1. TS 0.60 0.975
False Alarm Rate: False alarm rate (equation 2) deter- Ufggatlng Adaptlvg Adaptwfeg
mines the degree to which falsely detected objects (FP) O‘Fast 1.0 x 1074 2.0 x 1076
dominate true objects (TP). In fact, tracking processes can| % 1.0 %10 4.0 x 10
: i i _ | aslew 5.0 x 1073 1.0 x 1073
robustly ignore most false objects but are especially vul m s s
nerable to false objects located near the position of the tru | 9 _ 2.5x10 1.0 x 10
object. We therefore redefine datse alarm rateas follows Thresholding Constant Linear
TA 25 -
fo = % (8) TAmin - 50
- Nrp+ Npp A - 3
where N is a count of falsely detected objectsar to Table 2; Optimal Operating Points
true objects. The degree of proximityis of course an eval-
uation parameter which requires determining.
0.75
Fragmentation Rate: Fragmented targets present a subse-
quent tracker with the opportunity to incorrectly update a
trajectory and subsequently fail to locate any observation N
Our fragmentation raté measures the number of observed £ o5 | O’ o -
blobs assigned as TP per GT object. False negative object: E Ao f
are not included in this metric. Thus G i
& O
6= _Nre (9) £ 025 §f . Data
N — Npn H . o Evidence Minimum
whereN is number of GT objects ani 5 the number of S ° Z’a“d 'V':ilrl““m
GT objects without supporting detected blobs. it omex Ty
0 T T
0 0.05 0.1 0.15

5. Optimising the Detection Algorithm

This section will determine the optimal parameter setferth ~ Figure 6:Determining Operating Points: Proposed Algorithm
motion detection algorithm described in Section 3 using the 5
ROC methodology described in Section 4.2 applied to both i T
the Ticket FraudandEvidence Gatheringcenarios. Using e
the metrics defined in Section 4.3, the optimised method

False Positive Rate

o Evidence Minimum

ters for the proposed algorithm. These parameters were
identified in Section 3 and listed in Table 2. Currently the

search range of each parameter is evenly sampled seve
times. Each of these points is evaluated using equation 6
to identify the optimal parameter set for the two scenarios.
Optimal parameter values are reported in Table 2 for each
scenario.

will then be compared in Section 6 to two other algorithms 5 5 :
reported in the literature - the Horprasert[21] algorithmdl a v (j%
the Stauffer and Grimson method[22]. § .; 4
Figure 6 presents the ROC space populated wjtlf, e :
pairs for all evaluated combinations of algorithm parame- £ 025 ? - Data
g

© Fraud Minimum
Convex Hull

0 0.05 0.1 0.15

False Positive Rate

Figure 7:Determining Operating Points: Stauffer and Grimson

6. Comparatlve Evaluation should be optimised for the specific scenarios.) Compared

The optimised versions of the algorithm described in Sec- to our algorithm, the Stauffer and Grimson implementation
tion 3 are now compared with two well-known techniques Performs a little better for both scenarios.

reported in the literature: the Horprasert[21] algorithnal a The classification costs of the algorithms are presented in
the Stauffer and Grimson method[22]. ROC analysis is also Table 3. On the face of these results, Horprasert appears to
used to optimise the parameters of the Stauffer and Grimsoroutperform the Stauffer and Grimson and proposed methods
for the two scenarios - see Figure 7. (Currently both opti- in the evidence-gather scenario as the cost of misclasgifyi
mised algorithms are compared to the published version ofbackground pixels is relatively small. However in any real
the Horprasert method. This is somewhat unfair as this tooevidence gathering application using Horprasert would re-



| Scenarios

Ticket Fraud
Evidence Gathering

| Proposed| Stauffer | Horprasert]

0.0185 | 0.0177 0.8088
2.483 2.320 0.8325

reported in the literature; a bigger range of datasets;laad t
need to evaluate motion segmentation by its impact on the
performance of subsequent processing stages.

Though more computationally demanding, the Stauffer
and Grimson algorithm has a greater capacity to repre-
sent multi-modal greylevel PDFs. However, sudden light-

sult in recording everything! In the case of the Ticket Fraud I"g conditions (and camera compensation) are not modelled

scenario both the optimised Stauffer and Grimson and pro-"ell by @ set of modes. Rather they are a dynamic process
posed methods perform significantly better than the Hor- iNvolving correlated changes in U,V. Although unimodal,
prasert algorithm - not surprisingly as the latter has ne spe fche proposed method models the possible UV variations us-
cific adaption machinery. ing a measure of the global colour. _contem of the frame.
To gain more insight, let us turn to the metrics displayed Though explicitly optimised for specific appl|cat|on.scena
in Tables 4 and 5. ThEvidence Gatheringersion of our 105, the method performs well compared to two widely re-
method and the Stauffer and Grimson exhibit similar per- Ported background modelling algorithms.
formance. About 99% of objects are located. From the
localised FAR metric, each detected object has between fif-
teen and twenty surrounding noise blobs, and is often frag-
mented into one to two blobs. ThHécket Frauddoes exhibit
lower detection ratesx{ 94%) and an increased tendency
for blob fragmentation. However, the amount of local con-
fusion is very low - ideal for subsequent blob tracking pur-
poses. Even more significant, however, is Sgecificity
metric which demonstrates the ability to successfully cope
with the sudden, frequent and large lighting variations-con
tained in the dataset.

Table 3: Classification Costs
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