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Abstract: Problem Statement: Pecan weevil is one of the most destructive pefstBklahoma. The
scope of this study is to develop a recognitiotesysthat can serve in a wireless imaging network fo
monitoring pecan weevilsApproach: The recognition methods used in this study aresdbam
template matching. Five recognition methods werelémented: Normalized cross-correlation,
Fourier descriptors, Zernike moments, String maighand Regional properties. The training set
consisted of 205 pecan weevils and the testingsktded 30 randomly selected pecan weevils and 74
other insects which typically exist in pecan habiResults: It was found that Region-based methods
were better in representing and recognizing biaaigobjects such as insects. Different recognition
rates were obtained at different order of Zernil@mants. The optimum result among the tested orders
of Zernike moments was found to be at the ordeTI® results also showed that using different
number of Fourier descriptors may not significantigrease the recognition rate of this method.
Conclusion: The most robust and reliable recognition rate agseved when the Zernike moments
and Region properties recognition methods were us@dcombination. A positive match from either
of these two independent tests would yield reliatelsults. Therefore, 100% recognition could be
achieved by adopting the proposed algorithm. Tlegssing time for such recognition is 0.44 sec.

Key words: Insects identification, pecan weevils, image preites monitoring insects, recognition
system

INTRODUCTION have not hardened. Within 24 day post emergence, a
female can attack 25 nuts to lay about 3 eggs @ ea
More than twenty types of insects can attack thenut (Harris, 1979). This amount of damage conststut
pecan tree. However, pecan weevil is one of thet mosnajor damage while the amount of damage caused by
destructive pests of Oklahoma pecans. It is consile adults feeding on nuts (they feed on about 1 natyev
as the most serious late-season pest becausadkstt four days) is considered minor damage (Mulder, 2004
the nut (Harris, 1979). The life cycle of Pecan wike The present management methods for controlling
(Fig. 1) ranges from 2-3 years, most of which ispecan weevils involve detecting their emergence and
underground. As soon as the adult pecan weevilthen applying insecticides. Pecan weevil control
emerge, they feed on pecan nuts, mate and ovipositi requires about one to four well-timed insecticide
eggs in the nuts. These eggs will hatch and lawile  applications (Mulder, 2004). Some Integrated Pest
be developed in 30 days. After their completeManagement (IPM) stations delay the first treatment
formation, the larvae would chew a hole in the fait, until nuts have reached the gel stage of developmen
to the ground and burrow into the soil where itlwil This is because successful pecan weevil oviposiam
pupate in 3 weeks and remain as an adult for ote@r only occur at and after that point until shuck tspli
years before emerging on the pecan tree. Generally, insecticide coverage of at least 20-8@sds
Nut damage is caused by adult and larva feedingeeded for pecan weevil management. These treament
and egg laying. Starting from July through Septembe will be economically justified in high priced, lag
the adults begin emerging from the soil and feeding fruited pecans if the infestation level is highlear the
the nuts. Pecan weevils mate shortly after emergitj threshold of 500 post-emergence pecan weevil adults
females choose the nuts that passed the gel stage Iper hectare. The threshold for small fruited, loiecgd
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(c)
Fig. 1: The four life stages of the pecan weewi).€gg, circled; (b) larva; (c) pupa inside eartbelh
and (d) adult on pecan

pecans is approximately 3500 pecan weevil adults pe s
hectare. A second or even a third treatment may be:®
needed to prevent economic damage from occurring if
pecan weevils continue to emerge from the soir afite
initial treatment (Harris, 1979).

There are several monitoring techniques to detect
the appearance and activities of adult pecan weeevil
They include inspecting dropped nuts for feedind/an
oviposition injury and using knock down spraysclefi
bands, limb jarring, ground cover traps and asddréps <
(Reeet al., 2000). However, traps (Fig. 2) are the most -
commonly used method. There are different types of
traps utilized for monitoring weevil including: theire
cone trap, pyramid trap and the circle trap. Theswi
cone trap has been used for years and it is ngrmall | =
placed on the ground beneath pecan trees with arkno
history of pecan weevil infestations. The number of =
pecan trees in an orchard block varies from 60stpes
hectare (thin density) to 237 trees per hectarga(ul Fig. 2: Traps used for catching pecan weevils (Mize
density) (Herrera, 2000). It is recommended to Lige 2003)
traps per tree and 3-5 trees per orchard block éMiz
2003). Traps should be placed in the orchard 1-&kee Since pecan weevil emergence varies greatly from
before the earliest maturing varieties reach tHesiggge  year to year and is significantly affected by thel s
and these traps are monitored every 2-3 days. moisture, initial emergence and peak population
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emergence can vary from orchard to orchard andtdree The main objective of this study was (a) to
tree. As a result, traps must be checked carefulfing  development of a recognition algorithm that can
the emergence season and the adult weevils callacte identify pecan weevils among other insects, the
the traps should be counted and removed with eactpbustness of this recognition system would reptaee
inspection (Reeet al., 2000). This technique of Manual insect monitoring techniques currently ie us
monitoring pecan weevils is labor intensive andand would be a useful tool for pest control managem
requires very careful observation. Assuming that ifand (b) to develop the software part of a wireless
would take a farmer one minute to check each ma i network imaging system that can automatically idgnt

40 hectare orchard (600 traps), it would then tkeh ~ PeCan weevils in the field.

to inspect all of the traps. This is amount of 3@fh _Recognition methods: The shape of an object is an
study per week during the emergence season WhiGmportant feature for certain image recognition
could last for three months. Therefore, the usamf application. There are two criteria for represemtihe
automatic monitored system would significantly reelu  shape of an object: (a) the shape descriptors gHueil
the labor requirement. sufficiently accurate so that they uniquely repnéskat
There are several insect identification systeras th shape and (b) the shape descriptor should be broad
have been developed including: Digital Automatedenough to be insensitive to minor variations among
Identification System (DAISY) (Watsost al., 2003), objects of the same type. This applies, in parigttio
Automated Bee Identification System (ABIS) biological objects since they are irregular. Thapghof
(Arbuckle et al.,, 2001), Species Identification objects can be represented by different methodshwhi
Automated and Web Accessible (SPIWA) (Do andare generally classified under two major categodks
Harp, 1999) and the Automated Insect Identificationshape representation: (a) the boundary-based and (b
through Concatenated Histograms of Local Appearanceegion-based methods. Boundary-based represergation
(AIICHLA) (Larios et al., 2007). However, these utilize only the information of the shape boundary
systems have some limitations and may not bevhereas the region-based techniques consider the
applicable for identifying pecan weevils. internal and external details of the shape. In shisly,
The target group that DAISY was designed tomethods from both types of shape descriptors were
identify is Ophioninae (Hymenoptera: Ichneumonidae) used. Fourier descriptors and String matching nutho
For accurate classification, the system requirest th were implemented as boundary-based method.
insects be aligned for capturing their image and isGeometric moments, Zernike moments and Region
therefore, not applicable for field application wé@o  properties were selected from Region-based method.
human interaction is preferred. Furthermore, feects addition to these methods, the Normalized cross-
that are closely related and similar in shape, elarg correlation method was, also, employed in thistud
number of training images would be required esfigcia ) ) ]
with the Random N-tuple Classifier (NCC) used isth Matching by correlation: The template will be
system. The ABIS system was designed specifically t denoted as of size that is to be matched with agem
identify bees based on the differences in theitof size where the S|ze_of the tem_plate should Iss le
forewings. It requires user interaction for alignithe  than or equal to the size of the image. The Sum of
specie wing before capturing its image. Also, theSquared Differences (SSD) is a similarity measure
system is limited to species with membranous wiags Widely used in computer vision. In a gray level gea
the algorithm depends on a specific set of chamate  differences of the sum squared of each correspgndin
the wing venation for identification. In the SPIDweb  template and input image pixel is taken as an atitio
system, manual manipulation of spider specimen i®f the similarity between the template and the clesdt
required for proper image acquisition. User intdcac ~ area of the image (Storring and Moeslund, 1997g Th
is, also, required for region selection and prepssing SSD is determined as follows:
of images. The AIICHLA system is specifically - )
ieagned to identify stonefly larvae which liveviater. sSD(x,9) =2 [ f(x+ n,y+ m- { ] (1)
n operator has to make sure that the larvae atkein o1
standard orientation for properly capturing theiages.
No fully automated system for identifying insects The cross-correlation can be derived as follows:
in the field has been developed thus far. Furtheemno
our knowledge, no recognition system has been
designed specifically for identifying pecan weevils SSD(x.y)

> iy )+ (- 2

N

n=1m=1 ElmEl 2
Therefore, the development of an automated . m i (2)
monitoring system based on a wireless network D> f(x+n,y+m) k(n,m)
imaging system is paramount. n=1m=1
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In Eq. 2, the energy of the searched area and the In this case, the value @fis equal to zero if the
template are represented by the first and secantste two images are identical. Even though there areyman
respectively. The last term is the Cross Corretatio definitions of string similarity, a simple measure
(CC) which forms the correlation between the imagebetween strings was implemented in this study wigch
and the template. The value of the CC ranges fremm z represented by the following ratio:

(no match), to 2552 (maximum value). The need for

Normalizing the Cross Correlation (NCC) term = _a _ a 5)
appeared since the energy of the different searatesl B max(‘ 4} q)) —a

in an image is not usually constant (Storring and

Moeslund, 1997). The CC can be normalized as fallow The value of D is equal to zero when none of the

symbols in a (unknown insect's image) and b (pecan

iif (x+n,y+ m)2 (t(n,m) weevil's image) is matched. D is equal to infiniten
NCC(x,y)= ——Dn=Lm=t (3 the two images are identically matched. In String
\/iifz(x +n,y+m)iit2(n,m) matching, a tested image is recognized as pecavilwee

e pey g’ if the D value is greater than or equal to the &4L.0)

of the threshold.

The normalization is done by dividing the CC with o . )

the square root of the energy of the searching anga Object recognition by Zernike moments: Zernike

the template. The range of the NCC is between 0 (n§'0ment descriptor has the properties of rotation

match) and 1 (match). In this study, NCC was usigdl w nvariance, robustness to noise, expression efityie

a simple algorithm to identify pecan weevils amongfaSt computation gnd multi-level representation for

other insects. First, the program reads the graglle dgscrlbmg the various shapes qf patterns (Kim and

. . T . .~ Kim, 2000). Zernike moments introduces a set of

input image and the image of pecan weevil storetien ) -

database. Then, the input images were treated ascomplex polynomials =which form ~a  complete
' ' put 9 . o?thogonal set over the interior of a circle. The

template and the normalized cross correlation wa

¢ d b hi | d the datab %omputation of Zernike moments from an input image
periormed between this template and the databasg,ngisting of three steps: (a) computation of fadia
images one by one. If the value of the correlatias

- : olynomials (b) computation of Zernike basis fuonti
greater than the  experimentally  determinedyng (c) computation of Zernike moments by projegtin
threshold (0.75), then the input image was rec@ghiz the jmage on to the basis function (Hwang and Kim,

as a pecan weevil. 2006). The form of these polynomials is as follows:

Matching by strings: In this method, the boundary of
an insect is represented by a string which is geedr
by coding the interior angles of the polygons. Then
strings were generated from a given angle array byvhere:

quantizing the angles into increments which produce ™ = Called “order” o

strings whose elements were numbers between 1 and"$ = A positive and negative integer (known as

with 1 increment (Gonzalez and Woods, 2004). For aQ/ _ _lfﬁp?tltlo?h) ‘;V'th ion?tralnt t.h"?‘t to pixel
input image of unknown insect and pecan weevil, the, ~ € length ot vector from origin o pixel
= The angle between vector and axis in counter-

two boundaries can be coded into strings . S

aa,..g andp p ... respectively. Ifa represents R ?ﬁCkwﬁ.e |d|re|‘C“0n ial defined
the number of matches between the two stringslead t =~ © radial polynormial detined as:
match takes place in thé kbocation, then the number of

Vym(X,y) =Vnm (p,8) =R, (p) exp( jn®) (6)

o (-9

unmatched symbols can be described as follows: R,, = (7
0 sl(n+m —s] !( n-|m —s]!
B=max(|4 | §)-a @) 2 2
These polynomials are orthogonal and satisfy the
Where: _ _ orthogonal properties for the same repletion:
lo] = The length of the string representing the umkmo
insect _ T
|b| = The pecan weevil images Isz+yzsl [V (6.Y)] Vi (x, )y = n+16””eS m ®
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Where: s(k)=[ x(K),y(K)], for k=0,1,2,...,K-1 (11)
5= 1 (a=1 The coordinate pair of shape boundary can be
0 (otherwisg described as a complex number as follows:
Where:

The Zernike moments of order with repetition for a
continuous image functioh(x, y) outside the unit circle =V

is given as follows:
This representation changed the problem from two-

_n+1 dimensional to one-dimensional case. The discrete
s _T.[J-xz+yzslf 06 Y) [V ( 8) Jlxaty ) Fourier transform of Eq. 13 is as follows:

In Eq. 9, the integral can be replaced by, =15 ek 13
summations (since all the images are digital) 4eVis: W K kz (k) (13)

foru=0,12,...,K- 1 and the complex coefficients a(u)

are known as Fourier descriptors of the boundahe T
inverse Fourier transform of Equation 13 is asofel:

The Zernike moments are computed for an image s
by considering the center of the image as the miagid S(k):lza(k)éjmw (14)
the pixel coordinates are mapped to the range ®f th K=
unit circle. The computation will not include pisel
outside the unit circle. The orthogonality implies ~ Where: o
redundancy or overlap of information between theK = The number of points in the boundary
moments with different orders and repetitions (Hgian S = The featured value from Fourier descriptors for
and Kim, 2006). In this case, each moment will be a  OPiect recognition and representation

unique and independent representation t0 a given yiuh frequency components account for fine detail

image. In many comparison studies of moments baseg,y |,y frequency components determine global shape
methods (Teh and Chin, 1988; Lin and Chou, 2003ipqrefore not all Fourier descriptors are requifed
Belkasim and Shridhar, 1991; Zhang and Lu, 2004genera) object recognition. Instead, only the fiPst
Park and Kim, 2004; Ezet al., 1994; Padilla-Vivanco  cqefficients should be used. In this case, Eq. dhe
and Urcid-Serrano, 2007; Liao and Pawlak, 1996),qritten as follows:

Zernike moments outperformed the others methods.

A, :nT+1 DY) [Van(p 6) Jwhere X + y¥ <1 (10)

P-1
Object recognition by Fourier descriptors: Fourier — §(k)=> a(u)é™ " (15)
descriptors are produced by the Fourier Transfaomat u=0

which represents the shape in the frequency domain. _ ) _ _ _
The lower frequency descriptors store the generaRegional propertiesdescriptors: While the aim of this
information of the shape and the higher frequencytudy is to identify pecan weevils among other dtse
(Sarfraz, 2006). Therefore, the lower frequencyitis desired to keep such a system as simple ssilge.
components of the Fourier descriptors are suffiien A regional property is one of the approaches among
general shape description. The boundary of a shag€gional descriptors as it deals with the regioofshe
consists of points in the xy plane. Tracing onceuad  iMage instead of its boundary. It is a simple métfoy

the boundary from an arbitrary starting pofag, y,) , in describing important properties of image regionshsu

h lockwise directi s: the area, centroid and orientation. Althougéreh
the counterclockwise direction, at a constant speed; many insects that are very close to pecan Vgeiavi
produces a sequence of coordinate

_Pal%erms of shape description, one important featarete
(Xo:¥o) (X0 Y1) X2 ¥2) o X 12 ¥ien) - FOI representing gilized to distinguish pecan weevils from othesents.
traversal at a constant speed, it is necessary tbhis feature is the pecan weevil's rostrum. Pecan
interpolate equidistant points around the boundahg  weevil can be recognized by its long rostrum whih
boundary can be represented as the sequence ¥f the length of the male’s body and as long as the
coordinates as follows: female’s body.
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As pecan weevil is not the only insect that has aable 1: Insects used for testing the algorithm _
rostrum therefore utilizing this feature alone (omaj Insect _ Number of replicates
axis length) may not be very effective. Thus, thisAcrosterunum hilaris (Say) 5
feature was related to other features in ordeotmfa  APS Mmelifera L 4

A . - Brochymena guadripustulata (Fab) 5
unique representation of pecan weevils. The areahortophaga viridifasciata (Deg) 4
major-axis length and minor-axis length were used t Chrysobothris femorata (Oliv) 5
describe pecan weevils in this study. The areahef t ggﬁgghesrz Sﬁig‘g;is (say) 13
selected. region is de_ﬁned_as the nl_meer. of pikels = ndoerus lividus (Deg) 5
that region. The major-axis length is defined as th conotrachelus elegans (Say) 5
length (in pixels) of the major axis of the ellipget  Cyrtepistomus castaneus (Roolofs) 2
has the same second moments as the region. Fitraly, S;%ﬁ’;ﬁ#geb':ﬁgF?tgrfﬁr;eo'uv”dae 1
minor-axis Iength is the length (in pixels) of thejor Leptoglossus Opposites (Say)
axis of the ellipse that has the same second m@nasnt Lepyronia Gibbosa (Ball)
the region (Gonzalez and Woods, 2004). Metealfa Pruinosa (Say)

Euclidean Distance (ED) was implemented as g'aupactus Leucoloma (Boh)

| if t th imilarity d f th Pantomorus Pallidus (Horn)
Classifier to measure the similarity degree of thep| nypena Scabra (Fab)

corresponding descriptors of an input insect image  Tomostethus Multicinctus (Rohwer)
the database of pecan weevil's images. The ED’s
equation can be written as follows: since they can fly. As a result, live collectedeicts

were put to “sleep” by placing them in a refrigeraat

N )2 4°C for 60 min.
D :\/;(g(') =h(i)) (16) Muscles of pecan weevil shrink and pull the leys i

shortly after they die. This generally results Ihsax
Using the descriptors of Fourier, Zernike andIegs O.f pecan wgewl remaining cloge to the body or
Regional properties methods, an acquired image i ometimes touching the abdomen. Since this syssem i
' esigned to identify live pecan weevils in the diel

recognized as pecan weevil when the value of ED i ) i .

less than or equal to the experimentally determineda9¢s of them in such positions would not S|mu!ate

threshold for each method. the natural appearance of the insects in the field.

Therefore, preserved insects’ parts (legs and aa)en

MATERIALSAND METHODS were stretched out so that they would appear sirdla

the position in live insects. In order to achieveod

results without losing these fragile parts, someesfcé

pre-processing steps were undertaken to prepare the

o1
ragoasd B

Collection of insects. Traps were set up for pecan
weevils at different locations in Stillwater, Oktaha. . ; . !
insects for imaging so that they would appear like

The other source of insects was the Entomolog){ , .
. . nsects. The first pre-processing ste as to pat t
Museum at Oklahoma State University. Over 205 pecaf} cacts in a r:umigifyiﬁg charl'nt?er fopr vlvo daysb The

weevils were collected from both sources and thesg, ngified environment helps in making the legs and
included both males and females. The collected ileev antenna of the insects more flexible for stretcltimgm

varied in size, color and age. About 27 other typEs oyt such that they are closer to their normal pasit
insects were, also, collected to be part of therpe second step was to align each insect at theream
experiment. These insects are normally presenhén t view for imaging. All insects were approximately
pecan habitat. The names of insects used in thglaced at a reference position and orientationgbsaf
experiment and their number of replicates are ptese  insects were then acquired with the image acqoisiti
in Table 1. system.

Image acquisition: In template-based application, The imaging system: The imaging system (Fig. 3)
training set of image should be a real represemtaif  consisted of an AVT F-145B CCD black and white
the targeted object or shape. Even though trape weicamera (IEEE 1394 SXGA+ camera) equipped with a
checked regularly, few pecan weevils were foundeali 1.45 megapixel 2/3” progressive CCD sensor. This
Experiments showed that those live weevils diehiors camera was manufactured by Allied Vision
time when kept in cages. Moreover, it was very ttard Technologies GmbH 2003, Stadtroda, Germany.
position live weevils appropriately for imaging hitut  Images of insects were of the size of 335 285 pixel
causing some damage to their bodies or losingm  The lighting system was an Aristo model M$7
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Camera —p[ Load New Image ]

r
Sl ‘ Do Zernike Moments (ZM) |
Hole for the lens
Diffuse M Inset position
chamber T
' es 5=1
Opaque white class
¢ No
L)

Lamp house | Do Region Properties (RP) ‘

acklight No ¢

Fig. 3: The imaging system

i
|

Fig. 4: Pictures of pecan weevils taken by the iimgg

SySte m Recognize this insect as
‘ Non-Pecan Weevil
(Aristo Grid Lamp Products Inc. Washington D.C)
which consists of two parts- lamp housing and power s B T
pack. The lamp house was 43.18 cm (Length) x 35.56 Pecan Weevil
cm (Width) x 7.62 cm (Height) and was equipped with

a cold cathode grid lamp. Therefore, a diffuseditlig

chamber was designed and fabricated in th§g 5. The algorithm for identifying pecan weevils
departmental workshop and used to enhance edge
detection and body reflection. This tool helped ingq pecan weevil. A value of 1 will be assignedhe t
reducing the specular reflection from external figh .o nter (S = 1) and the algorithm will do the nstep.
sources. Itis 45.72 cm in length, 23.8 cm in widtld ¢ 51 insect does not match any pecan weevil of the
12.7 cmin height. The chamber had an opening ®f 7'training set, the algorithm will keep S = 0 and ®do
cm radius to allow the lens to go through thentber. 1o next step.

An opaque white-class cover (0.3175 cm thick) The input image then would be analyzed by the

was used on top of the lighting box. A Dell Optiple Region properties method in the second stage. After
GX745, Pentium® D, 3.4 GHz CPU was used andneasuring the three properties of that insect (area

MATLAB® (R20062) image processing softwaré Wasmaior and minor axis), their similarity to each aec
utilized to conduct these experiments. Some pistofe \yeavyil of the training set will be evaluated. Ifeth
the pican weevils taken by the imaging system argjeqree of similarity is greater than or equal te th
shown in Fig. 4. threshold of recognition (1.0), this insect will be
recognized as pecan weevil and the counter will add
Algorithm: Figure 5 presents the algorithm of theto its value. If that insect does not match anyapec
recognition system. The sequence starts by loading weevil of the training set, the algorithm will keépe
new image of insect which will directly be proced&y  value of S unchanged and move to the next steps, Thu
the Zernike moments of order three and its six mame the value of the counter S would either be 0, 12 att
would be calculated. The similarity degree betweerthe second step.
these moments and the moments of pecan weevils will In the third step, Normalized cross-correlation
be measured. If this degree is greater than orléqua  method will be used. If the correlation value betwe
threshold value of 0.8, the input image will bessified  the input image and any pecan weevil image is great
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than or equal to 0.75, this image will be recogdias 0.90 :
pecan weevil and the correlation process will sitie - prniadieg
counter value will increase by one (S = S+1). As th 050 | om0 0%,

stage, the counter S can have possible valuesf13, . ‘e A & * °

or zero. For the case when S equals to 2 or 1, th on| o %o w0
algorithm will go to the fourth step. On the othemd,

if S equals to 3, which means input image was
recognized by all three previous methods, the alyar
will recognize this image as pecan weevil ending th osoL © %o e
recognition process of the input image. The progran
would then be ready for the next image. If the Bievds 040 |
0, which indicates that the input image was not
positively classified by any of the three methoths 030 , ‘ ‘ ,
algorithm will classify this insect as non-pecanewié 0 O e
insect ending the recognition process and would be

ready for a new image.

In the fourth step, the string matching method wil
process the input image only if the counter valsie i
either S =1 or S = 2. If the similarity measuretiod
string of this image and any other string of thaning
set is greater than or equal to 0.96, this imadkbei

regarded as pecan weevil insect. In this case, th X )
counter value will be either S = 2 or S=3. In tirstf consisted of 30 pecan weevils that were randomly

case, the algorithm will go to the fifth step wresen ~ Selected from a group of 200 pecan weevils. Therskc
the second case the insect will be confirmed ampec 9"0UP was a set of 19 different insects (74 ingebet
weevil. If this insect did not match any pecan vikel/ are naturally_ present  in the - pecan _habltat. The
the training set, the counter value will remaineitaer ~ Performance time given for each method is the @eera
S=1orS = 2. The input image will then go thriotige time required for loading and processing that paldr

fifth method at S = 2 even though it was not reipesh ~ 'Made
at this level. However, when S = 1, the algorithifi w
classify the input image as non-pecan weevil enttieg  Correlation method: Figure 6 illustrates the results of
recognition process. using Normalized cross-correction method to idgntif
In the last step, Fourier descriptors method willpecan weevils among other insects. The, pecan iseevi
process the image if the counter value is S = 2s Th are represented by the solid circles while the rothe
method will calculate the Fourier descriptors (450insects are represented with hollow circles. Cleatl
descriptors) of the input image and measure th&€an be noticed that this method can distinguishapec
similarity between this set of descriptors and ¢ho§ weevils from other insects. About 90% of the pecan
the training data set. If the similarity measurgrisater ~Wweevils were above the experimentally determined
than or equal to the threshold of 1.059, this imege  threshold of 0.75. The three pecan weevils whidh fa
be classified as pecan weevil. In this case, thees  below the threshold line were very close (0.1d)the
will add one to its value (S = 3) and hence thegena Passing criteria and not significantly away froninige
will be confirmed as a pecan weevil insect. Otheewi correctly distinguished. About 95% of the non-pecan
the input image will be regarded as non-pecan weeviveevils were correctly classified. The average
insect. In both cases, the recognition processttfat  processing time for this method was 25 sec.
image will be complete and the system would beyead

0.60 -o

Correlation value
o
Q
o

Fig. 6: Recognition results for pecan weevils attteo
insects using normalized cross-correlation
method

found. For all methods, the recognition rate was
gvaluated using two types of data sets. The firstig

for a new input image. Region properties. Figure 7 illustrates the results of
the experiments conducted using this method. The
RESULTS results showed that 90% of the pecan weevils afd 93

of the other insects were positively matched. The
The threshold at which insects are recognized aaverage processing time for this method was 0.85 se
pecan weevil was experimentally determined using &hese encouraging results in addition to the rotati
template of 205 pecan weevils. This threshold was s and translation properties of this method suggest i
approximately at where 80% of the training datare  adoption in identify pecan weevils.
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Fig. 7: Recognition results for pecan weevils and|:ig
other insects using region properties method
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Fig. 8: Recognition results for pecan weevils attiep

insects using string matching method

String matching: The String matching is a simple, yet
very effective method in recognizing pecan weevils.
The recognition threshold for this method was $dt@

Fig.

as shown in Fig. 8. Using this method, 80% of pecan

weevils and 88% of the other insects were positivel
identified. The average processing time for thishune

was 2.5 sec.

Zernike moments: Zernike moments at different
order were studied for accuracy and time perforraanc
Figure 9 presents the performance analysis of Kerni

moments. The optimum point was found at order 3 of _ _
Zernike moments where the highest recognitionfiate Fig. 11: Fourier descriptors method
both pecan weevils and other insects was obtaihed a

the shortest time (0.09 sec.). It can be seen fgnl0
show that the two testing groups are clearly sépdra considered to be the best
into two different sections. This powerful classifiion

ability of Zernike moments at this order strongly
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in terms

classification rate and speed.

weevils and 99% for other insects. These resués ar

of correct

suggests its adoption in the proposed recognitiofrourier descriptors: Figure 11 illustrates the results

system. The recognition

rate was 97% gecan

of the Fourier

descriptors

method. Thisethod
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correlation
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Fig. 12: Comparative presentation of the resultsafb . . ) ) o
methods Fig. 13: Revised algorithm for identifying pecan

weevils
distinguished a good number of pecan weevils uamg
experimentally determined threshold of 1.0. Thealtss
showed that 80% of the pecan weevils were correctly

Table 2: Recognition rates for the five methodsdusethe multi-
recognition system
Recognition rate (%)

classified whereas 51% of the other insects were Processingime for
positively classified. One attributes to the refelly = Method Pecan weevils Other insects _pecan weeils (S
: . Region properties 90 93 0.35
poor perfprmance _of_the Fourier descriptors metlspd_ Normalized cross. 90 o5
the non-linear variation among the pecan .weevils i correlation 22.00
terms of body size and part orientation. This métho (Zoﬁ;j”;'r‘es)m"mem 97 99 0.09
process a new acquired image in about 0.5 sec. String matching 87 58 2.50
Fourier descriptors 80 41 0.50
DISCUSSION (450 descriptors)

The algorithm was successfully implemented in theselec'uon criterion. This algorithm vyielded the thes

o o - results when compared to other combinations of
recognition system and it yielded promising restors methods. Therefore, this algorithm is expected ¢o b

the data sets investigated. The performances ®ethe yjemented in a wireless monitoring system fotdfie
five methods are compared and the percentage ahpecapplications.

weevils and non-pecan weevils successfully idetifi
by each of the methods are shown in Fig. 12. TheeTy CONCLUSION
| and Type Il errors for each of the methods wdse a .
It can be concluded that a combination of more

evaluated as shown in Table 2. On the average, th% hod | ol f b e
maximum processing time for one image through thdhan one method Is essential for a robust recagniti
ystem since no single method vyielded the desired

five methods is 25.44 sec. However, the system ma etection rates. The Zernike moments at order 3 was

Liqelgrﬁ) Egogzrtctr'gg v?i?r?zllflseeignlr\]/\%gvliﬂ?ngae e;?a?b)r/] N%und to have the highest recognition rates forapec
P 9 weevils and other insects. This method yielded the

template, if it positively matches any one O.f them. . lowest Type | and Il errors and required the least

These results supported the idea of 'mplement'n%rocessing time. The region properties method sHowe
more than one recognition method as only one may NQjmijar advantages to the Zernike moments. Thus,
provide the desired result. Based on these abovgpgo, successful recognition rate for pecan weevis
findings and a careful analysis of the systemachieved using a combination of Zernike moments and
requirements, it is concluded that the applicabbthe  Region properties methods. Fourier descriptors ateth
two methods Zernike Moments and Region propertiegising 450 descriptors was found to be the least
would yield the desired success rates for idemdyi successful of these methods and yielded the highest
pecan weevil in field applications Fig. 13 illusgsithe Type | and Il errors. The region-based methods were
revised algorithm implemented in this study. ItwBo found to represent the shape of insects better tiran
the two methods mentioned above applied in &oundary-based method. As a result, the recognition
sequential order. It can be seen that a positivichma rates of the region-based methods were higher tthean
form either of these two methods was uaedthe boundary-based method.
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