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ABSTRACT

A new generation of high-resolution surveillancenesas makes it possible to apply video processmgracognition

techniques on live video feeds for the purposeutdraatically detecting and identifying objects anants of interest.

This paper addresses a particular application wfatieg and identifying vehicles passing througbhackpoint. This
application is of interest to border services agma@nd is also related to many other applicatiaith many

commercial automated License Plate Recognition jL3Rtems available on the market, some of whietaaailable as
a plug-in for surveillance systems, this applicatiill poses many unresolved technological chghsnthe main two of
which are: i) multiple and often noisy license plaeadings generated for the same vehicle, arfdilijre to detect a
vehicle or license plate altogether when the lieguiate is occluded or not visible. This paper @nésa solution to both
of these problems. A data fusion technique basetherLevenshtein distance is used to resolve tisé groblem. An

integration of a commercial LPR system with théhouse built Video Analytic Platform is used to sobhe latter. The
developed solution has been tested in field enuikmts and has been shown to yield a substantiabirament over
standard off-the-shelf LPR systems.
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Disclaimer:

Specific hardware and software products which mayidentified in this paper were used in order tofgyen the

evaluations described in this document. In no wagsddentification of any commercial product, tradene, or vendor,
imply recommendation or endorsement by the CanamtdeB Services Agency, nor does it imply that thedpcts and
equipment identified are necessarily the best alokalfor the identified purpose

1. INTRODUCTION

As a result of the increasingly growing demandsdecurity, many countries have been deploying Viflaoveillance
Systemg(frequently referred to as CCTV systems), as aroiamt tool for enhancing preventive measures adithga
post-incident investigations. Within the Canadiaveyrnment, many federal departments heavily use \C&ystems
including the Canada Border Services Agency (CB®AY sees video surveillance as a key technologigahent in
protecting the country’s borders [1-3].

A new generation of high-resolution IP surveillanmmeras makes it now possible to apply video m$ing and
recognition techniques to live video feeds for plugpose of automatically detecting and identifyaigjects and events
of interest. In particular, they allow one to apghate-of-art License Plate Recognition (LPR) argti€al Character
Recognition (OCR) software to the captured videweillance images for the purpose of identifyindiiedes observed
passing through a checkpoint. With many commersciallailable automated LPR/OCR systems this appdieatvhich
is of particular interest to border services ageEscstill poses many unresolved technologicallehgks.
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First, commercially successful LPR systems, sucthase used at toll roads, are manufactured asnplete system
with many built-in features such active IR illumiiwa, special lenses and/or camera sensors, deditardware, and in
certain cases, additional triggers/activators tmdpce reliable license plate readings. Such system&ver cannot be
easily integrated or embedded into a CCTV videwellance system.

Second, commercial LPR systems, including the pedbrming complete systems are normally deployefttiose to
ideal” conditions, in which a camera is positiorsedthat it views the area of interest only (forrapée, a camera that is
mounted over a traffic lane with the direction dew parallel to the lane). When operated withouditohal
triggers/activators and under a non-zero anglettaicle, the performance of commercial systems isfrfam perfect:
there will be multiple readings obtained for a #&ngehicle, many of which may be noisy. Furthermdhe readings
may not be even grouped by vehicles they belong to.

Third, performance evaluation of commercial LPRtays is a challenging issue in itself. Statisticalignificant
results can only be obtained with large-scale testsilots conducted over a long period of timetagring at least 24
continuous hours. At the same time, commercialesystcan only be evaluated based on the data tipdyrealt will
remain unknown what has NOT been captured and wilgss there is another mechanism (either manualitomatic)
to know the ground truth. Without evaluation thet\pdes the rate of both Hits and Misses of LPR, tFPR technology
can not be optimally selected, nor can it be tuned.

Finally, there is the case where a license plat@ aehicle is intentionally occluded or removed.ttWeommercial
stand-alone LPR systems, such vehicles cannot teetdd or will not be reported. However, it woule éxactly these
vehicles that would be most important to captureefdforcement and intelligence purposes.

A solution to these problems is seen in combininded Analytics, which is the S&T area that dealthveiutomated
analysis and extraction of content from video, withditional LPR and Optical Character RecognitifdCR)
techniques, which can be applied to a raw vided festng commercial and public domain software.

In sub-optimal conditions, commercial products témgrovide a stream of License Plate Numbers ()Ridataining
various levels of noise. As shown in Figure 1, titlhe main types of noise are (1) multiple LPNs begegerated for the
same vehicle and (2) characters within LPNs beigrirectly interpreted. Adding to this difficuliy the fact that many
LPR plug-in systems do not differentiate betwedfedint vehicles. Thus, further processing of LBRtem outputs is
desired in order to obtain a single and correct lf@N\every vehicle that goes by.

The key problem of fusing noisy character stringgedted by LPR/OCR software is solved by applyingoat-
processing filter that groups all detected LPN® iobllections of similar character strings corresfing to passing
vehicles referred to as “Drive-by Events”. Theemibn of similarity is based on the modified Levietesn distance. The
ground truth and the additional information abalitpassing vehicles, including those that do ndtildt detectable
license plates, is detected using the Video Amalfiatform (VAP), which is the in-house built sofite that uses
advance video recognition algorithms capable o@istlip detecting moving vehicles in outdoor enviremts [2].

The paper discusses the two components of an atesysolution and presents experimental resultgid®e? presents
the LPR fusion problem and describes the solutide¢eloped to resolve. Section 3 describes VAP swéwand
describes its application to LPR evaluation anakct@&in of vehicles not bearing the license platgpeEimental results
are shown in Section 4.
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Figure 1. Incorrect license plate number s obtained with commercial L PR systems:
a) by dedicated hardware-based L PR system, b) by software-based CCTV plug-in LPR system.



2. FUSING NOISY LICENSE PLATE DATA TO EXTRACT GROUND TRUTH FOR
PASSING VEHICLES
2.1.1 The source of noise

As noted above, commercial LPR systems show pedoos degradation when deployed in sub-optimal
environmental conditions, exhibiting increase ia tumber of missed vehicles and/or multiple andyhbPN readings.
The noise can be due to ambiguous characters,gatatesions, blurry frames, and limitation of th€® algorithm.

Even the systems that use active IR illuminatiod dedicated hardware and triggers when not positiadirectly
above the vehicle do not show perfect performaaseseen in Figure 1.a. The performance of softwased LPR
systems, which are sold as a plug-in for CCTV systds even much worse, since they do not commuaiffigrentiate
between different vehicles. Such systems produoentinuous stream of LPNs and associated time-stasshown in
Figure 2.a, and contain no information about thecles the plates belong to.

In certain circumstances, it may be acceptabldnfonan operator to use judgement in discerning wpiates belong
to the same vehicle. For a fully-automated systemever, the noisy and incomplete LPR result isanceptable.

Automatic LPN fusion offers a way to improve theR.Pesult, making it feasible to apply LPR within aristing
CCTV system. Given a continuous stream of LPN shafs from an LPR system as an input, the objeatfvthe
automatic LPN fusion is to refine this stream sat tho produce an output stream which best apprtesnthe ground
truth of the observed vehicle traffic. LPN fusiogeks to transform the noisy stream of LPN readings a stream
consisting of a single LPN per vehicle, as showRigure 2.b.
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Figure 2. Stream of LPN readings (a) , and the result of LPR data fusion (b,c).
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This section presents two LPN fusion algorithmszg@ia continuous stream of license plate numbeassyrof which
are different but may come from the same vehidie, algorithms compute a single highest confideicense plate
number per vehicle.

The first algorithm is the basic fusion algorithhat applies the Levenshtein Distance to group ammi¢éads into a
single label. The second algorithm builds on thsidalgorithm and improves several of the limitaticof the basic
algorithm. Both algorithms are based on a commaondation described below. Table 1 summarizes theginas used.



Table 1. Notations

1) Snapshot s is a tuple, s=<t, r>, where:
e tisthe timestamp of snapshot s, denoted t(s);
e risthe LPN of snapshot s, denoted r(s)
2) An infinite stream of snapshots produced by BRIsystem
S={s, ... }, wheres are ordered chronologically
3) A set of Drive-by Events, Q = {bh,,...}, where:
e thelengthof Qisq
»  Drive-by Eventsb; = {l;, {Si1, S2, ---Sn}}
e | isthe best-guess LPN, denoted as I(b);
* 5, represents snapshot j in drive-by event i
o i(s;) <t(sk) forallj<k
4) LD(s, 9) is the Levenshtein Distance betwegrnss
5) MLD(s;, ), the Modified Levenshtein Distance, betwegnss
6) Twm.(s, &) is the applicable threshold for, s;.
7) T={(l,t), (1nt), ... (It} is the threshold mapping tabeetween a length |, and a threshold

—

2.1.2 Modified Levenshtein Distance

In processing S subsequent snapshots, the similaficonsecutive snapshots ad § is determined using the
modified Levenshtein distance MLD;,(s). The MLD is based on the traditional Levenshteistance [6] defined as
the number of edits (adding, removing or changidaracter from either string) required to makedthimgs identical.

The Levenshtein Distance metric has been used nmnaber of applications in pattern matching andfieii
intelligence including, identification of viral segnces in DNA chains [7], examination of perceptaatl acoustic
differences between dialects in human languages 48§l derivation of robotic control specifications neuro-
evolutionary techniques [9].

The MLD used adds two pre-processing steps toréiditipnal LD to make it suitable for LPN compariso

Pre-processing step 1: Preparation for prefix-suffix substrings
Two strings are passed into the algorithimarsd § In the first pre-processing step, a new string onstructed by

padding the longer of the two strings, sayvéth | * characters on the left and right, wheiie defined as the length of
the smaller string,sninus 1, and * represents some designated chanahbteh is outside the valid alphabet for license
plates.
Let len(s)<= len(s), then: s’ is constructed as follows:

I=len(s) -1

s'= s; padded on the left with | *characters

s'= s’ padded on the right with | *characters

Constructing s’ in this manner allows the maximuamber of overlapping prefixes and suffixes to basidered. This
addresses the problem of reconciling the (errorjepadial LPN readings which can occur for a numbgreasons
including vehicle motion or large angles of attack.

Pre-processing step 2: Iteration over substrings

The traditional LD returns an edit distance if taabstrings are not of the same length. Our algorithquires a
substring to be treated more directly to the strifich contains is. In order to do this we look floee minimum distance
within the longer string of all substrings of trengith of the shorter string. This is done by inmgkthe LD on each
substring in s’ of the length,sand returning the minimum distance.

Given s’ as defined in preprocessing step 1,
Let S = (set of substrings of length s2 in s') ,
then MLD(s1, s2) = migi, s{LD(s,s2)



It should be noted that a property of the MLD iattti s, is a proper substring of,gshen MLD(s, $) =0.

The following example illustrates the concepts.

2.1.3 Example

If s;, = ABCD123 and s= 123D, MLD(s , ) proceeds as follows:
1) Applying pre-processing step 1:
a. |l=len(123D)-1
b. sis padded to the left and right with | * claeais
c. Ss'issetto **ABCD123***
2) Applying pre-processing step 2 we iterate usirgtraditional ML algorithm for substrings in s’
a. for each substring length 4 in **ABCD123***
i. Calculate MLD of substring and s
ii. Save current minimum MLD
b. return minimum MLD

This example returns MLD = 1 since thehas a minimum LD of 1 when compared to the suligti123*” in s’

2.1.4 Length-sensitive thresholds

The algorithms compare the MLD.(s;) to an applicable threshold,,I(s;, $) to determine whether or not they are
related. The threshold is determined based onethgth of the given LPN string so that a lower thodd is used for
shorter strings.

Our algorithm examines the length of the two LPl&ng the maximum length to retrieve the applicahteshold
from mapping table.

Given T = {(I,t), (1,,tp), ... (In,t)},

Find Ty (s, &) = T[max(len(g), len(s))]

The algorithms presented here are not dependetiheomethod used to determine thresholds. Alterttaeshold
approaches are possible including the use of atauingalue or a percentage of string length. A nvappable is used
here for flexibility.

Table 2. Pseudo-code for Algorithm 1.

Set b to an new drive-by event
while true
Set s to be the next LPN reading or null if none.
while siis null
if inactivity threshold exceeded
and b contains LPNs
finalize b
set b to new drive-by event
if fits (s, b) is false
finalize b
set b to new drive-by event
insert sinto b

2.2 Algorithm 1: Single Event Fusion

Algorithm 1 inspects the stream S of incoming LRTdshots;sand gathers consecutive similar ones into a buffe
b which represents the current drive-by event. WarehPN string exceeding the similarity thresha@&ncountered, the
current drive-by event is finalized and a new anstarted.



A drive-by events defined as a collection of LPNs that are deteedlito belong to the same vehicledéve-by
eventis represented as b < |, § >, where the label is the current best estimate of the license pkate, $ is the
collects all LPNs determined to belong to the autrkeshicle.

Finalizing a drive-by event b takes any action mektb record the vehicle’s passage. This can ieclygiating a
system counter, or writing a file to disk for a dwtream system.

2.2.1 Criteriafor grouping LPN into a single event

Given this definition, we can define the MLD of BRN § and a drive-by event b, and also whethenaches b as
follows:

d=MLD(s b) = MLD(s, I(b)) (1)
fit(si, b) if MLD(s, b) <= Tu.(s, I(b))

2.2.2 Algorithm Description

The basic algorithm continually processes the iigtnetam item by item, calculating the MLD of theremt g, and
I(b) and comparing to applicable threshold t. # this below t, the LPN is added to b. If d exceledds deemed to
belong to a different vehicle. The current b isfired, a new drive-by event b’ is created, grid added to b’.

The algorithm monitors an inactivity thresholdntf LPN has been detected for a time period excgeatan the
specified inactivity threshold, the current drivedvent is assumed finished, and is finalized.

The pseudo-code for this basic algorithm is shawhable 2. The basic algorithm has two main objesti

(1) Gather the sequential LPN readings which isgrea drive-by event, and,
(2) Determine best estimate for thetual plate, given the set of LPNs collected in step (1)

Objective (1) is achieved using the Modified Leu#ei Distance. Objective (2) is achieved usingrgth-frequency
heuristic, described below.

2.2.3 Labelling with Best Estimate L PN

For a drive-by eventib <I;, < 5;,52....Sn>>,the label | represents the currelnést estimatef the actual plate given
all LPNs collected so far. This label is updatecemwta new snapshot is inserted infoThe label is chosen to be the
LPN, which satisfies the following conditions:

1) It's length is the closest to the expected nunalbeharacters in a license plate number, or,
2) If multiple LPNs have the same desired lendth,most frequently occurring of these is selected

Depending on the application, the best-estimate BN be computed in a number of ways, includingegiufency-
based approach and robust statistics, as a mediaaan or character voting.

2.2.4 Limitationsof the Algorithm 1

The basic algorithm described above has severahtions, described below.

Intervening unrelated strings

The first limitation occurs when an unrelated gjrin present amongst the license plate readingmbielg to the
same vehicle. This may occur, for example, if tipstteam LPR system erroneously reads text on thile&s rear
panel and interprets it as a license plate nunibehis case, S will contain a sequence of LPN ireggdinterrupted with
the erroneously taken text. For example S migh{'#&8CD123”, “BCD123", “TAXI", “ABCD123"}.

In this situation, the basic algorithm will gener& different vehicle drive-by events, as the exous text is likely to
have MLD exceeding the threshold. A more sophistialgorithm would filter out the erroneous tertlgplace the
related LPNs into the same drive-by event, thusntépy this vehicle only once.



Intermingled LPNs

The second limitation occurs when LPNs from mugtipehicles are intermingled in S. The basic alporimakes the
implicit assumption that LPN readings come in censgely, one vehicle at a time. This may not alsvhg the case.

When monitoring faster traffic, it is possible tseutwo cameras to increase roadway coverage ahéeh) i turn
increases the probability capturing one snapshovg@iicle. In this scenario, LPN readings from liént vehicles may
be interleaved when data from both cameras aralized chronologically.

Two vehicles “ABCD123” and “PQRS456”, captured byot cameras can produce an input stream such as
{*ABCD123", “PQRS45", “BCD123", “PQRS456"}. The bas algorithm would generate 4 drive-by events, and
finalize them all, thus erroneously reporting 4etiént vehicles.

A more sophisticated algorithm should discern thase readings are from only 2 vehicles.
Substrings - I nability to merge

The third limitation occurs in situations when 2Npreviously believed to be unrelated become lglealated by a
third LPN. For example, consider the situation LN stream produced by the upstream LPR systeMABED”,
“123" “ABCD123"}.

Using the basic algorithm (with threshold = 3) threeparate drive-by events are reported. A morbistigated
algorithm should be able to realize that the fingi LPNs were from the same vehicle after seeirgstibsequent LPN.

Table 3. Pseudo-code for Algorithm 2

a) The LPN processing loop in Algorithm 2 isasfollows:
Set Q to a queue of size q
while true
set s to next LPN from S
while s is null
if inactivity threshold exceeded
merge and close all Q
Set b to a drive-by event in Q where fits( sshjue
if b is null
if Q is full
merge or close last
set b to new bag
place b at front of Q
insert sinto b

b) The pseudo-code for the merge or closelast is as follows:

set b to last drive-by event in Q
Set b’ to drive-by event in Q where fits(I(b),b’)
ifbisnullorb’=b

close b
else

foreachsinb

insert s into b’

remove b from Q

¢) Themergeand close all step can beimplemented using merge or close last:

while Q is not empty
merge or close last




2.3 Algorithm 2: Multiple Event Fusion
Algorithm 2 overcomes the limitations of the Algbrn 1 listed above by introducing:

1) A bounded FIFO queue Q of size q, which hold#ipia buffers for concurrent drive-by events,
2) The ability to merge drive-by events.

The improvements in Algorithm 2 make it well suitesd multi-camera deployments. According to Algomitt?,
LPNs g and g belonging to the same vehicle may be separated bylistinct different vehicles and still be allted to
the same drive-by event.

The algorithm begins with Q empty. When the firB\Ls is read from S, a new drive-by event b istegtdabelled
with the current LPN and added to Q. When a subm#agl is read from S, it is compared to the lalélall active b in
Q, and placed according to the criteria in 2.2ie Tabel of the selected b is updated as desciib8dction 2.2.3.

If Q contains no b matching s’, a new drive-by evenis created, and appropriately labelled. If<nbt full, b’ is
added to Q. If Q is full, an attempt is made to geeexisting b in Q. If no merge was possible, #w b finalized and
removed from Q. After a successful merge or theorahof oldest b, b’ is enqueued in Q.

When a drive-by event is removed from Q, it is limed, and an actual drive-by event is reportederéhare two
situations in which a drive-by event will be firsdd: (1) when Q is full or (2) when the inactivttyreshold has been
exceeded.

Table 3 presents pseudo-code for the main loopegsieg S, as well as the 2 methods removing or imagy
drive-by events.

3. VIDEO ANALYTIC PLATFORM (VAP) FOR LPR EVALUATION
AND DETECTION OF VEHICLESNOT BEARING THE LICENSE PLATE

3.1.1 VAP Architecture

The Video Analytics Platform (VAP) is conceived agieveloped with the objective to enable the effitietrieval of
intelligence in video data coming from existing c®nal video surveillance systems. It is basedhe advances in
video recognition processing [3-5] and makes udeltifwing observation on the nature of the Vidao®&illance.

Even though a camera captures video data non-siiép, 2n reality it is only at certain moments ah&, when
particular Events of Interest happen, when the gegat video data need to be analyzed and when péatic
Details of Interest related to the event need teXteacted.

For a user, Event and the Details of Interest ascibed using the English language. For examplents include
“Door opens”, “Car entered”, “Face/Person seen” dethils include “images of all people who enterédar size and

colour”, “velocity” and “time and locations of pems/vehicles”. In the VAP lexicon, the concept&eént and Details
of interest are defined as follows.

Definition: Event of interestdesignated aB, is an instance when certain conditions relatedttat is observed in video
are met.

Definition: Details of interestdesignated aB{ } (E), is set of static images and associated metddatetations) that
is extracted and saved from video when an Evemttefest happens, of which one image with annatasochosen to
represent the Event.

Based on these definitions, the main VAP taskeasftiiowing:

Task: To replace a continuous video-stream with adidDetails{Dj} that can be efficiently browsed and analyzed — by
using a Video Analytic module that operates onvideo-stream.



To accomplish this task VAP is made of two compdasiethe EventCapturecomponent, which serves to automatically
detect a “Visual Event” from a number of video atres, and thé&ventBrowsecomponent, which serves to display &
facilitate the perusal of “Visual Details” capturfedm the “Visual Events”.

The EventCapturecomponent is a Windows MS program that has thueetions. First, it taps into existing video-
stream(s). Second, it embeds a VA module (softwdra) will process the video-steam(s). Third, &nsfers the data
that is extracted by a VA module EwventBrowser

TheEventBrowsecomponent is a web application that is responddisléwvo main tasks. First, it stores all detected
event details in a database. Second, it preparbsydrenabled web application that allows efficieigwing and
analyzing of stored events.

3.1.2 Using VAP with LPR

As mentioned in the introduction, commercial stahmhe LPR systems cannot be used when a licerde ph a
vehicle is occluded or removed. The vehicles natibng a license place will not be detected andntegoHowever, it is
exactly these vehicles that are of main interetii¢cenforcement and intelligence communities!

VAP can be used to test and evaluate LPR systdBystunning an LPR system and VAP at the same tione, can
measure the rate of the false misses, which oteerwiannot be measured. The visual statistics &eabfirthe
EventBrowser can be used to populate the statiskapure 5 shows the snapshots of VAP running ial-liée
environment where vehicles are detected using VAdeytics in challenging environmental conditions.
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Figure 3. VAP isused to capture vehiclesthat pass a checkpoint.



4. EXPERIMENTAL RESULTS

4.1.1 Performance Evaluation M ethodology

The LPN fusion algorithms described in Section 2entested in operational conditions. As depicte&igure 4, the
two off-the-shelf surveillance cameras have beemeoted to a commercial CCTV plug-in LPR systenmmimnitor
roadway traffic. The LPR system produces S, a nantis flow of LPN snapshots. The fusion algorithonitors S and
produces S, a filtered stream of drive-by eveRarallel to the LPR software, the VAP software wasfigured to
capture events for all passing vehicles in ordetetiect cases when the LPR software fails to detgehicles/plate.

4

Analysis

Drive-by
Events

LPN
Snapshot

Figure4. LPR test set-up

The system was left running for several days ofciiine was selected to perform the following anglyghe output
of LPR was passed to the in-house built Fusion reodonfigured with different parameters, and thiefed stream S’
was manually verified against VAP-detected eventstfie same period to compare fusions approximatoactual
traffic results.

Two types of errors, pertaining to trade-offs imaking system parameters, are measured:

Typelerror - Incorrect event divisions: This error consists of the incorrect divisionLéfNs which should be placed
together into two or more distinct drive-by evendtbis errors is due to the threshold being setigb.

Type 2 error - Incorrect merges: This error consists of placing LPNs different \eés$ being combined in the same
drive-by event, in which only one number is captiurghis type of error indicates that the threstsattoo low.

4.1.2 Discussion of Results

The LPR system produced 4287 snapshots on onefdawaessing. The basic algorithm filtered thes8 42PNs
into 1049 drive-by events. Because of the limitagiof the basic algorithm this number is largenttiee true number of
vehicles that drove by. The multiple buffer algamit configured with 8 concurrent buffers produced @ive-by
events. The reduced number of drive-by events atdg that the multiple buffer algorithm generateddr Type 1
errors than the basic one.

To examine system behaviour in more detail, peréoree data for one hour of traffic was presentethéofusion
algorithm and analyzed. Results are presented lole$ad and 5, and Figure 5. For this hour, the mguiotnuth of 113
passing vehicles has been by extracted using #r®detected by the VAP.



Table 4. Reducing diver gence from ground truth.

Experiment Ground Truth LPMs Divergence % Reduction
LPR 113 745 632
Algorithm 1 113 162 43 92%
Algorithm 2 (g =8) 113 128 15 98%

Table 4 demonstrates the ability of the fusion atbm to reduce the discrepancy between the origitraam and
reality. For the actual traffic of 113 vehiclese thPR system generated 745 plate reads. The penfimerof the vendor
system shows a 559% divergence from ground trutith Wuch low accuracy, the deployment of commer€i@TVv
plug-in LPR systems in operational environmentasfaasible.

Algorithm 1 vyields significant improvement in LPRefformance: The 745 LPNs created by LPR are predess
producing 162 drive-by events. This represents & 92duction in the discrepancy between the resflthe LPR
system and ground truth. Applying Algorithm 2 (wi8hconcurrent buffers) yields additional benefitpgucing 128
drive-by events, which represents a 98% reductfdheooriginal discrepancy.

Table5. Behavior of Error typesusing different size of the Event buffer.

Number of Buffers (q) Type 1Errors Type 2 Estimated Ground
Errors Events Truth
1 43 0 162 113
2 23 1 133 113
3 19 1 131 113
4 15 1 131 113
=] 19 1 131 113
5 18 1 130 113
7 17 2 128 113
8 17 2 128 113

Table 5 shows the tradeoff between Type 1 and @refior different numbers of drive-by event buffefs the
number of simultaneous drive-by event buffers tyéased, the number of Type 1 errors decreaseshdutumber of
Type 2 errors increases. With more concurrentlyndpeffers, there is a greater chance of placingRN into a related
drive-by event. Also noteworthy, is the reductidnTgpe 1 error obtained simply by adding one corenir buffer. As
well, we note the relatively slow increase in thember of Type 2 errors. Experimentation with theddhvalues could
further reduce Type 2 Errors.

Figure 5 provides another view of the effecigadn the algorithm results. Agincreases, the number of Type 1 error
decreases while the number of Type 2 error inceeégery slightly). It appears that there are distiimg returns of
settingq at a value greater than 3, as the number of Typedrs decreases only slightly, and Type 2 errtag $o
become noticeable.
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Figure5. Effect of the size of the Event buffer (q) on fusion results.

5. CONCLUSION

This paper addresses the problem of applying LBRni@ogy with CCTV systems for the purpose of ditgcand
identifying vehicles passing through a checkpaltitis problem poses many technological challendesntain two of
which are: i) noisy multiple reads that are oftemerated by the system, and ii) failure to detecelsicle or license
plate altogether when the license plate is occlutawbt visible. This paper presents a solutiothese problems. A data
fusion technique based on thresholds and a MLBésldo resolve the first problem. An integratioohitecture which
supplements a commercial LPR system with the CB%#e® Analytic Platform (VAP) is used to solve tlatér. The
integrated VAP-LPR-Fusion solution has been testedperational environments and has been shownidll ya
substantial improvement over commercial off-thelshPR used in a stand-alone manner. The datarfudgorithm is
shown to be able to filter the output of an LPRteys reducing the discrepancy between ground tuath estimated
traffic by 98%.
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