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ABSTRACT

Plant pest recognition and detection is vital food security, quality of life and a stable agriotéd economy.
This research demonstrates the combination of #medns clustering algorithm and the correspondgiteeto
achieve pest detection and recognition. The detecif the dataset is achieved by partitioning thtadspace
into Voronoi cells, which tends to find clusters @dmparable spatial extents, thereby separatingliects
(pests) from the background (pest habitat). Thedien is established by extracting the variantimitive
attributes between the pest and its habitat (lafn) and using the correspondence filter to ifiettie plant
pests to obtain correlation peak values for difieatasets. This work further establishes thatrélcegnition
probability from the pest image is directly propomal to the height of the output signal and ineérs
proportional to the viewing angles, which furthentirmed that the recognition of plant pests isiaction of
their position and viewing angle. It is encouragiogiote that the correspondence filter can achietegional
invariance of pests up to angles of 360 degreeshngroves the effectiveness of the algorithm Far tletection
and recognition of plant pests.

KEYWORDS. Automatic Plant Pest detection, pest recognitiemdans clustering and Correspondence filter

INTRODUCTION

Agricultural plants or crop cultivation has seenpresence of pests and disease on crops has
rapid development in both the quantity andhampered the quality of agricultural produce. If
qguality of food production, however, the the presence of pests on crops is not checked
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properly and an adequate lasting solutionby  several authors are  thus: H.
provided the quality and quantity of food ZulhaidiMohdShafri et & demonstrated Self-
production will be reduced, as a result there willorganizing maps & back propagation neural
be an increase in poverty, food insecurity andhetworks  with  genetic  algorithms  for
the mortality rate. This adverse effect can affecbptimization & support vector machines for
any nation’s economy especially those wherediseases classification. Mohammed Ei — Helly et
70% of the population depend solely on theal® uses image analysis integrated with the
proceeds from the agricultural sector for theirCentral Laboratory of Agricultural Expert
livelihood and survival. One major problem for System (CLASE) diagnostic model; B. J.
agriculturists is to reduce or eradicate the growthVoodford et afidentified the rate of browning

of pests affecting crop yields. From our analysiswithin Braeburn apples and created an image
a pest is any organism that spreads diseasegcognition system to detect pest damagewith
causes destruction or is otherwise a nuisancdghe use of a wavelet based image processing
The most common pests affecting plants ardechnique and a neural network; M. S. Prasad
Aphids, Fungus,Gnats, Flies, Thrips, Slugs,Babu et df illustrated the use of a back
Snails, Mites and Caterpillars. There is thereforepropagation neural network; PanagiotisTzionas
a need to detect these pests at all stages of theit al'used a combination of morphological
lifecycle: either at an early or advanced stagdeatures of leaves, image processing, feed
and suggest remedies so that much of théorward neural network based classifier &a
damage can be avoided so as to increase crdpzzy surface selection technique for feature
yields. selection; A. Meunkaewijinda et & used a
Pests cause periodic outbreaks of diseasespmbination of image growing, image
which lead to famine and starvation. In recentsegmentation & a Zooming algorithm for the
times across some nations of the world, there ardetection of plant diseases; Oisiilustrated
recurrent cases of epidemics as a result of pesegmentation, k-means clustering & back
infestations, for instance in north eastern India i propagation feed forward neural network;
1943 there was an outbreak of RakeshKaundal et & used support vector
helminthosporiose pests on rice, which caused anachines for developing weather based
heavy loss of food grains and claimed millionsprediction models of plant diseases; H. Al-Hiary
of lives. Since the effects of plant diseaseset al ™! designed airborne hyper-spectral
caused by plant pests are devastating, a lot dfmagery & the red edge techniques. YaH?Li
farmers were discouraged to the point whereproposed automatic spray a new method of pest
some decided to abandon crop cultivation. Theletection and positioning based on binocular
principal technique or procedure used regularlystereo to get the location information of the pest,
for the detection and recognition of crop pestswhich is used for guiding the robot to spray the
by many farmers in major parts of the world pests with pesticides but his work did not make
according to H. Al-Hiary et &l is observation provision for invariance to distortion or angular
with the naked eye. This method requirestransformation in the orientation of the pests on
continuous monitoring of the crop stems andthe crops. If there are changes in the orientation
leaves, which is difficult, labour intensive, or position of the pests on the leaf, the robot is
inaccurate  and  expensive for largelikely to miss the target and spray on areas not
farms.Jayamala et @llisted various methods affected by the pest. Paul Boisd&td
studied for increasing throughput & reducing demonstrated a cognitive vision approach to
subjectiveness arising from human experts irearly pest detection in greenhouse crops, his
detecting the plant diseases. His work revealsvork concentrated on low infestation cases,
that different methods are used by differentwhich is crucial to agronomic decision making,
researchers for plant disease detection angarticularly on white fly's. It was very good
analysis. The various techniques demonstratediork for early detection of white fly but did not
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extend to more complex cases and on all formprovides the opportunity to devise a suitable

or species of the pest, especially when the pestdministrative strategy. The eradication of crop

changes position or orientation. Recent researcHiseases has vyielded unfavourable results
work has dwelled mostly on the detection ofbecause of incorrect procedures in handling pest
different crop diseases; however, Di &% control methods. To facilitate viable plant pest

reported on how various sensing technologiesontrol an automatic pest recognition system
have been developed for automatically detectingising k-means clustering in combination with a

crop diseases whereas little or no attention icorrespondence filter is investigated. Automatic

paid to the fundamental cause or the causalletection and recognition of plant pests is very
agent of the crop problems. The early detectionmportant and demonstrates the advantage of
of crop pests will help to evaluate the effect andmaintaining regular surveillance over a large

the range of the existing pest populations befordield of crops. Such a system automatically

they become widespread in the environmentdetects the various stages or symptoms of the
This facilitates their destruction by the pest invasion, when they appear on any part of
introduction of predator species or otherthe plants (leaf and stem).

appropriate  integrated pest management

techniques, which delivers, according to theMATERIALSAND METHODS

United States Environmental Protection |N€ automatic plant pests’ detection and

Agency'®,acceptable pest levels preVemiverecognition algorithm presented in this article
cultural  practices, monitoring, mechanical US€S k-mean clustering (see APPENDIX (A))
controls, biological controls, and responsible@nd the Correspondence filter (see APPENDIX
pesticide use. Management is frequently(B))' As a test bed we investigate a collection of
contingent on identifying the existence of pestplant pests, which were obtained from different

breeds whilst their populations are still restricte ©ONlin€ resources, among Z}’h'Ch are. ALAB_A;]MA
in size, it is important to recognize pestNUrsery and Landscap€® Maria lannottf

. . . . ] .
infestations before taking any control measure@nd Paul S. Hamiltdif.Our algorithms have

Prevention of pest invasion is better than curing®©€" tested on more than ten crops or plant pests
the effect that the pests have caused.Effectiv@S Shown in Figure 1. The proposed algorithm
integrated pest management is achieved b{pr the pest detection and recognition flow chart

having precise knowledge of the different pest'S depicted in Figure 2. The proposed pest

species, and the related disease causal agenfiétection and recognition algorithms can be
gd|V|ded into two phases, the detection phase and

the recognition phase.

having the knowledge of the pest before actin
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Create colour
transformation

structure |

Test the
ecognition s
ith i

Figure 2 Proposed plant pest detection and recognitionge®flow cha

The algorithm starts byacquiring the digita
image from the environment and loading tt
as the filter construction images, followi
acquisition the colour transformation struct
for the RGB plant pest images was create(
deviceindependent, L*a*b* (abbreviation f
the CIE 1976 I(*, a*, b*) (or CIELAB), which
consists of luminosity L*, chromaticity layer .
and chromaticity layer b*, which houses all

colour (redgreen and ble-yellow axis
information) colour space transformati
structure was applied; the rkeans clusterin
technique wa then used to segment the pl
pest images. Now the object(s) or ¢
segmentation process begins by identifying
principally green colour pixels based on usir
varying threshold estimate, all the red, green
blue colour components of the pixehat are

Faithpraise Fina, et al.

below the set threshold are assigned a
value, so that all the pixel intensities that &%=
than the threshold value are discarded.
technique is applied in as much as we pres
that, these pixels are not useful for the |
identification. All the pixels on the boundari
of the object cluster and all the colour pigme
which are designated zeros, were deleted an
segmented pest result is showrFigure 3. The
same steps were repeated for each pest ime
the data set. The second stage of the algol
begins by angle multiplexing the pest detet
from the kmeans algorithm into tF
correspondence filter at® increments. The
recognition process was then initiated using
constructed correspondence fi.

Figure 5a,Figure 6a and Figure 7a display s
input images; the output images from
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correspondence filter are normalized as a
plot and displayed in Figure 5b, lure 6b and
7b . The peak of the matrix occurs where
pest images are best correlated vyieldin
maximum correlation height, equivalent to +
and above. The results reported by Figure !
and 7 show accurate matching between the |
images processed using themkan clustering

RESULTS

algorithm and the correspondence filter trair
images. The results confirmed the presenc
homogenous and similar objects, which prc
that the pest detection and recognition algori
is working effectively. The reliatity of the
algorithm is shown to be excellent as the fi
can respond to iplane distortion of the pes
from 00 to 3600.

Pests in their habitats| Detected pe

(b)i

(b)

Pests in their habitats Detected pest

(d) i

Figure 3 Original input image and the detected

Figure 3(a) to (d) illustrates the original inj
pests in their habitat and (a)i to (d)i illusts
the detected pest segmented from the plan
crops.

The correspondence filter has been te
precisely for its detection and recognit
accuracy esgrially for its distortion invarianc
ability. A subset of the training image data b
is shown in figure 4. The sulatabase is mac
up of 10 training images rotated in plane by -
degree increments between each training in
of the: grape root borer(linel), cowpe:
aphids(line2) and Japanese beetle (line3
optimise the recognition performance of

correspondence filter, suitable values of

tuning parameters alpha, beta and gamma h
be selected. The values of these parameters

Faithpraise Fina, et al.

picked by observing the impact of differe
values for a number of trials until the m
appropriate value that vyielded the L
recognition ability was established. For th
correspondence filters the tuning parame
chosen were= 0.0000009p= 0.45 ancY= 0.1.
The training images that were used are shov
Figure 4 (line 1, 2, and 3) their rotati
increments in steps of 50 from 00 to 450. E
of these training images were used to creatt
correspondence filter and the results
correlating the input imes with the
correspondence filter are shown in  Figure
Figure 6, and Figure 7
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<]

Line 2

EED0ian ©

Figure 4: Samples of the training image data base
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©o

reterence Image

correspondence output of cowpea aphids

correlation height

200

200 18

(@) (b)

Figure 5: Output from the correspondence filtertfa cowpea aphids

Figure 5(a) shows the original input image of thecowpea aphids of Figure 5(a) shows the
cowpea aphids. A subset of the correspondencpresence of four bugs on the plant and the 3D
filter training images are shown in figure 4 line plot of the same figure 5(b) also confirmed the
2, The target training images are shown atrecognition and position of the number of bugs
various rotation angles , the output from the k-via the number of spikes. Figure 6b displayed
means algorithm at different angular rotationstwo spikes as there are only two Japanese
was used for construction of the correspondencéeetles on the plant and Figure 7b shows only
filter, using this training set the filter is able  one spike to confirm the presence of only one
recognise matches with the input image. Thebug in the input image of the grape root borer.
result of the matches is illustrated Figures 5b,The result of Figure 8was obtained using the
Figure 6b and Figure 7b where the recognitiontuning parametersi= 0.0000009;8= 0.45 and
output from the Correspondence filter is Y= 0.1, for the Japanese beetle it illustrates the
displayed as a 3D plot that is optimised by thereliability and the invariance of the

tuning parameters: alpha, beta and gamma. correspondence filter to respond to all the
distorted images of the pests at different
ALGORITHM RELIABILITY positions from 00 to 3600, Figure 8

The reliability of the correspondence filter is gemonstrates the filter's response for 450 of

identify the number and position of bugs in thethe pug rotation

input images. For instance the input image of the
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Reference image
correspondence oulput of grape root borer
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Figure 8 Output from the correspondence filter for thapg root bore

Reference image corespandence outpul of the beetle

x10

50 2 -
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8
\
h’ /A
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v
|
correlation height
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(a) (b)
Figure 7: Output from the correspondence filter for theJaparieeetle
The same processes were applied for recognition of the various -plane distortions
different data sets and the algorithm was . of the different species of pests illustrate:
to prove its reliability in the detection a Figure 1.

Japanese beetle

1.44
1.42 AN

1.38 /
1.36

1.34
1.32

0 5 10 15 20 25 30 35 40 45

|D 1.369|1.382(1.374|1.377 (1.381|1.382(1.431|1.416( 1.41 | 1.42

Correlation peak height

Angular view(degrees)

Figure 8 The distortion invariant response of the Japabesdie
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CONCLUSION However, the main purpose of clustering a plant
In this paper, we apply k-means clustering andoest dataset is to reduce the size and complexity
correspondence filtering for clustering andof the dataset, which is accomplished by
identification of the plant pest respectively. replacing the coordinates of each point in a
Detection and recognition of the pest is the maircluster with the coordinates of that cluster’s
goal of the proposed technique. Thus, thereference point. A clustered dataset requires less
algorithms were measured to check theirstorage space and can be manipulated more
performance on several plant pests as shown iquickly than the original dataset.
figure 1. The experimental results demonstratéVhen clustering is done for the purpose of data
that the proposed method is a useful techniqueageduction, as in the case of the Plant pest images,
which can sustain exact detection andthen iterative-partitioning algorithms are most
recognition of Plant pests in their various suitable, the goal is not to find the best
shapes, sizes, positions, and orientations usingartitioning but we want a reasonable
computationally efficient algorithms. The consolidation ofN data points intdk clusters as
expansion of this research will centre ondemonstrated by Vance Faber
advanced hybrid algorithms that will be able tolterative algorithms begin with a set &
count and display the number of pests found omeference points whose initial values are usually
any crop or plant. We wil use the chosen by the user. First, the data points are
correspondence filter to increase the pespartitioned into k clusters: A data pointx
identification rate of the overall classification becomes a member of clustéf ziis the
procedure and we shall devote our futurereference point closest o
research to automatically calculating the severityThe positions of the reference points and the
of the detected pest infestation and focusassignment of the data points to clusters are then
individually on the detection of the pest at theadjusted during successive iterations, J.
different stages of its life cycle MacQueef?.

Conceptually, the initial partitioning is set up as
APPENDIX (A) described above: All the data points are
Plant pest datasets are so large that direql,qitioned intok clusters by assigning each
manipulation is impractical. Some method of yqin¢ 1 the cluster of the closest reference point
data consolidation is required first to reduce theAdjustments are made by calculating the
size of the dataset without losing the essentialgngig for each of those clusters and then using

features of the image. All consolidation methodsy,ose centroids as reference points for the next
sacrifice Some detail as expressed by Vancgaioning of all the data points. It can be
Faber et &°: the most desirable methods areproved that a local minimum of the error

computationally efficient and yield practical measyree corresponds to a “centroidalVoronoi”

application results that represent the original,qnfiqration, where each data point is closer to
data.This paper uses the k-means clustering,o eference point of its cluster than to any
algorithm  developed at the  Laboratory giher reference point, and each reference point is

specifically for clustering large plant pest yhe centroid of its cluster. The purpose of the
datasets.Clustering involves partitioning a set ofaration is to move the partition closer to this

data points into non-overlapping groups With oqndiqiration and thus to approach a local
similar characteristics or some measure OfminimumforE Vance Faber et &

proximity. When a plant pest dataset is
clustered, ever oint is assigned to som i 2

, y p g ME — yk | ?:1”9\7:‘]' —zi| Eqgn. 1
cluster, and every cluster can be characterized

by a single reference point, usually an average of . . L . .
y . g : P y g wherex;is thej™ point in thei™ cluster,zis the
the points in the cluster.

reference point of thé" cluster, andnjis the
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number of points in that cluster. The notati@n || parameters, m* is the average of the training
- z|| stands for the distance betwegandz. images (in the frequency domain), C is the
Hence, the error measueindicates the overall additive noise andy is the diagonal average
spread of data points about their referencgpower spectral density of the training images
points. To achieve a representative clusteringdefined as:

Vance Fabeget akaid E should be as small as 18,

possible. The error measure provides anDx :NZXi X Eqgn. 3

objective method for comparing partitioning as =1

well as a test for eliminating unsuitable o _ o
partitioning, the original concept of the S is the similarity matrix of the training images

algorithm as a method of clustering data over &1 defi:ed as:

. . . 1 .
continuous space. In his formulation, the errorSK :NZ(Xi ~M.) (X, —M,)Egn. 5

measure Effor each regionRis given by J. —

MacQueeR” whereX; is a diagonal matrix of the, training
images.
E;i = [ op(X)llx — z||> dxEqn. 2 Since the correct information for the additive

noise value @) is not available at all times,
wherep(x) is the probability density function, a several methods have been used to estimate and

continuous function defined over the space, an§€t the optimal value of the additive noise input
the total error measufgis given by the sum of to the filter design. The most common method is

theE/’'s. the use of the white noise covariant matrix by H.
Zhouet df? as given below:
APPENDIX(B) C =0 Eqgn. 4

Correspondence filters have been extensively . _ _ _ _
used in the world of detection and security.Where " is the variance and is the identity
Their ability to discriminate objects from matrix. He further stated that other methods use
cluttered backgrounds makes correlation a ver? iMmage as the added noise/clutter, which
powerful tool that can be used for demandingtsually —results in a better correlation
real time applications. Correspondence filtersP€rformance. A power spectrum  density
are known for their shift-invariance and t€Chnique has also been used in other filters to
distortion tolerance, which makes them suitableS€t the additive noise value as demonstrated by

. " 3] :
and attractive for pest pattern recognitionS: Tan et . we therefore use image
applications. informa-tion such as standard deviation and the

The correspondence filter is a powerful Mean to set the additive noise value, Kypraios et

algorithm with the following three important &
features: The input image statistical information, the

(a). The ability to control the correlation peak Variance and mean are used to set the value of
localisation. (b). Good distortion tolerance. (c).the additive noise in the filter design. The

The ability to suppress noise/clutter. vglue according to Ahmad T. Alkandri eB3lis

In this paper we will use the correspondenced!Ven as.

correlation filter in the frequency domain, it has C=olu Ean. 5

a transfer function given by A. Mahalanobis, et

al?y: where o is the input image standard deviation

m’ andp is the same image mean. It is also called
= X the coefficient of variation, a good value of the

aC +,8Dx + VS& Egn. 3 additive noise is in the range between 0 and 1.

where a, B and y are the filter non-negative Usually, The parameterwill adjust the C value
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to give the best correlation result, but in thiseca (b) Peak-to-correlation Energy (PCE).
the filter will adjust itself sa will be equal to 1. PEAK-TO-SIDE LOBE RATIO(PSR)
A great deal of research has been done tdhis method will provide a measure of the
optimize the tuning parameters or to set thecorrelation peak quality. The peak height is
additive noise as described by O. Johnson etompared to the surrounding values and is given
al®® The parameters will be in the range as:
between 0 and 1. The new technique will Peal — u

L . R=———Eqgn.
minimize the search value that lies between 0
and 1 by selecting the best starting point andvhere p is the mean and is the standard
also by settingt = 1 will leave us with only two deviation of the correlation plane pixel
parameters andy to change in order to get the intensities. It is a common way of describing the
best correlation output. peak quality and how good the match is between
The test has also shown the direct effect of théhe target and the input image.
new technique on thd} value were it stays PEAK-TO-CORRELATION ENERGY (PCE)
stabilized and fixed at 0.1 throughout the testPCE will measure the correlation sharpness and
The new technique optimizes the filter to leaveis given as:
us only withy to shape up the correlation peak |c(0) |2
result. It has given the filter a great automation E:W
advantage and faster processing time with less
parameters to adjust.
MEASUREMENT METHOD
Several measures have been used to quantify t
correlation filter performance Kumar, et?dl
which are as follows:

(a) Peak-to-side lobe ratio (PSR).

6

Eqgn. 7

It compares the peak height relative to the
correlation plane energy. Low PCE values
I?ﬁdicate a better correlation peak output and thus
a better detection of the true target.
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