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Abstract—A continuous time model of the interaction between
crop insect pests and naturally beneficial pest enemies is created
using a set of simultaneous, non-linear, ordinary differential
equations incorporating natural death rates based on the Weibull
distribution. The crop pest is present in all its life-cycle stages of:
egg, larva, pupa and adult. The beneficial insects, parasitoid wasps,
may be present in either or all parasitized: eggs, larva and pupa.
Population modelling is used to estimate the quantity of the natural
pest enemies that should be introduced into the pest infested
environment to suppress the pest population density to an
economically acceptable level within a prescribed number of days.
The results obtained illustrate the effect of different combinations of
parasitoid wasps, using the Pascal distribution to estimate their
success in parasitizing different pest developmental stages, to deliver
pest control to a sustainable level. Effective control, within a
prescribed number of days, is established by the deployment of two
or all three species of wasps, which partially destroy pest: egg, larvae
and pupae stages. The selected scenarios demonstrate effective
sustainable control of the pest in less than thirty days.

Keywords—Biological control, Diamondback moth, Parasitoid
wasps, Population modeling.
I. INTRODUCTION

T

HERE is a requirement for an environmentally friendly
sustainable solution to pest infestation of food crops to
improve the quality of life through healthy living via the
achievement of improved food security and quality. The quest
for the eradication of pest infestation led to the introduction of
pesticides as a means to control the damage wrought by crop
pests. In some instances this approach resulted in acute
poisoning of humans, which caused seizure disorders, rashes,
gastrointestinal illness and chronic effects such as cancer and
adverse reproductive outcomes as reported by [1]-[3]. Their
research shows that pesticides have harmful effects on human
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health, wildlife, plants and naturally beneficial insects.
References [4], [5] demonstrate the dietary effects of the
intake of fruits, vegetables, contaminated meat, fish, rice, and
dairy products. Pesticide exposure has a significant
detrimental effect on all levels of human development: foetus,
infants and children [6]-[14]. References [15]-[18], have
demonstrated statistically and experimentally that excessive
exposure to pesticides causes a severe risk of cancer. As a
result of the side effects of pesticides, many new pesticides
were developed based on a greater understanding of the
biological / biochemical mechanisms; these are based on
synthetic light-stable pyrethroids. Researchers used a modified
approach with a reduced risk of pesticide poisoning based on
microbial and other biological pest control methods by
considering the host-pest interactions as a means to reduce
pesticide application. Early detection and pest-problem
assessment is critical for propitious control of infestations;
Giacomelli developed an automated plant monitoring system
in greenhouses [19]. Pydipatiused machine vision and
artificial intelligence to propose an intelligent farming system
with the goal of achieving early detection of diseases in citrus
groves with selective fungicide application on diseased citrus
leaves [20]. Dae developed a colour imaging system to acquire
RGB images of grapefruits with normal and five common
diseased peel conditions, the algorithm developed is based on
stepwise discriminant analysis [21]. Bauch proposed a
complex vision-based system to measure white fly density
within plant stands [22]. Skaloudova used computer vision to
quantify symptoms of powdery mildew weed control and
spider mite attacks [23]. Boissard combined image processing
and machine learning to achieve in-situ early detection of a
bio-aggressor on mature white flies [24]. A scale invariant
feature based approach was developed for monitoring of white
fly [25]. Jiang experimented with a GSM based remote
wireless automatic monitoring system for the oriental fruit fly,
B. actroceradorsalis [26]. Ruizhen created a pest classification
system design based on Blackfin DSP and 3G wireless
communication technology [27], Datt focused on using
imaging spectroscopy to detect disease caused by pests on
vegetables [28]. Samanta tried to classify tea insect pests using
artificial neural networks [29]. Pokharkarb demonstrated pest
detection (white fly) using image processing techniques [30],
Jamal-Aldin and Faithpraise designed an automatic pest
detection and recognition algorithm that is able to detect and
recognise all classes of pest [31], [32]. The concept of
integrated pest management (IPM) was developed with respect
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to environmental impacts according to the United States
Environmental Protection Agency, [33]-[36] as a means of
improving the efficiency of pest control whilst keeping the
cost and damage to the environment as low as possible.
To implement IPM strategic guidelines for pest control, an
optimized biological system for pest control is required.
Statistical optimization of biological control requires the use
of the optimum numbers of living organisms to suppress and
manage pest populations below an economically acceptable
population threshold, thus reducing the damage to crops. The
goals of statistical optimization of a biological control system
are:
i) Maintain the density of the pest population at an
equilibrium threshold below the economic damage level.
ii) Reduce the pest population to a low level but not to
completely destroy them as can occur with pesticides.
iii) Publicize the effectiveness of biological control systems
and their sustainable control capabilities.
iv) Maintain the density of the pest population at an
equilibrium threshold below the economic damage level.
v) Reduce the pest population to a low level but not to
completely destroy them as can occur with pesticide
application.
vi) Publicize the effectiveness of biological control systems
and their sustainable control capabilities.
The existence of pest natural enemies (parasitoids)
worldwide and how they can be nurtured in laboratories and
released in bulk as biological control agents for crop pests was
illustrated in [37]. In order to efficiently and effectively
optimize a biological system of pest control; the dynamics of
the pest and its natural enemy populations have to be
understood to avoid an ecological disaster. Modelling is an
important tool, which when applied to the problems of
biological pest control allows a qualitative and quantitative
evaluation of the impact of predator population densities on
the pest population density. The research of: [38]-[45]
experimentally and mathematically illustrate the application
and a comprehensive review of host–parasitoid models for
biological control.
As an illustration of the effect of targeting different life
cycle stages of a pest, we propose a continuous time
mathematical model of the interaction between a population of
diamondback moths (Nh) and its life cycle stages: the egg (Ne),
larvae (Nl) and pupae (Np) with parasitoid wasps, namely: egg
parasitoid (New) , larval parasitoid (Nlw) and pupal parasitoid
(Npw). For this model, a typical moth life cycle is illustrated
diagrammatically in Fig. 1, row 2.

Fig. 1 Life cycle of the three species of parasitoid wasps
demonstrating the requirement for a pest population for their
existence Population dynamics for wasp-pest-crop interaction model
describing the detailed activities of how the eggs, larval and pupae
wasps exercise control over pest diamondback moth population in its
habitat
TABLE I
DIAMONDBACK MOTH LIFE CYCLE AS OBSERVED BY [46]-[48];
SUMMARIZING THE MAXIMUM NUMBER OF EGGS LAID BY A TYPICAL
DIAMONDBACK MOTH AND THE EXPECTED LIFE SPAN OF ALL THE LIFE
CYCLE STAGES
Diamondback moth
Life cycle & expectancy in days
Maximum no of eggs per day
2-30
Life expectancy of moth
5-16
Life expectancy of egg
2-6
Life expectancy of larva
2-10
Life expectancy of pupa
5-15
TABLE II
PARASITOID WASPS LIFE SPAN AS REPORTED BY [49]-[52]; THE TABLE
RECORDS THE MAXIMUM NUMBER OF EGGS LAID BY THE EGG, LARVAL AND
PUPAL PARASITOID WASPS AFTER IT PARASITIZES ITS HOST (PEST), THE
INCUBATION PERIODS, THE LENGTH OF TIME IT TAKES FOR THE WASPS TO
EMERGE AND THE WASPS LIFE SPAN IN THE PRESENCE AND ABSENCE OF
FOOD
Parasitoid wasps life span in days
Trichogramma
Diadegma
Diadromus
(egg wasps)
Demiclausum
Collaris
(larval wasps)
(pupal wasps)
No of eggs laid
1-2
1-2
2
Egg incubation period
1-2
1-3
1-2
Larva stage
1-3
3-6
2-6
Pupa stage
4-5
6-9
6-9
Total time adult wasps
6-11
9-11
10-12
emerge
Wasps lifetime in the
8-11
21-26
12-31
presence of food
Wasps lifetime in the
3-5
3-5
3-7
absence of food

From Fig. 1, we can observe the reproductive life cycle of a
typical diamondback moth. Every life-cycle stage has a
population density dependent upon the population inflow (new
birth or transformation) and outflow (transformation and
mortality). In Fig. 1, an example of population inflow and
outflow is demonstrated as the moth lays the eggs that with
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time change into larvae, which pupate and then metamorphose
into adult moths; for each developmental stage there is a
natural mortality rate as illustrated in Table I. In the case
where there is interruption of the life cycle by the interaction
with external forces, like parasitoid wasps, the populations are
altered as illustrated in Fig. 1 – row 2, where there is a
reduction in the population density of the pest due to
parasitoid activity and natural death with time, as illustrated in
Table II.
From Fig. 1, it is observed that parasitoid wasps cannot
exist without their pest host.
Row 2- Fig. 1, displays the reproductive life cycle of a
moth. The arrows show the state flow from the adult moth
after she has laid her eggs, which hatch into larvae with time
and transition to pupa and metamorphose into adults as the
cycle repeats.
Row 2, Column 1- Fig.1, demonstrates the life cycle of an
egg parasitoid, the adult wasp exploits the pest egg by
depositing its own eggs into the moth egg, which after a time
hatch into larvae. They pupate inside the moth egg, then
metamorphose emerging from the moth egg as adult egg
parasitoid wasps (New) and the cycle repeats as long as the
moth does not stop laying eggs. For our purposes this can be
modelled using one equation; that is we do not need to model
the wasp developmental life stages.
Row 2, Column 2- Fig. 1, illustrates the life cycle of the
larval parasitoid, as the adult wasp introduces its own eggs
into the larvae of the moth (caterpillar). After a time some
eggs hatch into wasp larvae transform into pupa and then
metamorphose into adult larval parasitoid wasps; the cycle
repeats as long as the moth does not stop laying eggs that will
transmute to larvae for the larval parasitoid (Nlw)to parasitize.
The wasp’s life cycle is completed inside and adjacent to the
pest larva, so this can be captured using one equation.
Row 2, Column 3- Fig. 1, shows the life cycle of the pupal
parasitoid; the adult wasps deposit their eggs into the moth
pupae. After a time the eggs hatch into larvae, which
transform into pupa and metamorphose into adult pupal
parasitoid wasps that emerge as adults from the pest pupa and
the cycle repeats as long as there are caterpillars that will
change into pupae population for the pupal parasitoid wasp
(Npw) to exploit.
II. MODEL, MATERIALS, AND METHODOLOGY
A 700m2 cultivated field has 2,100 to 3,500 typical
Cabbage plants, with each plant having 26 to 35 open leaves
[53]. The environment contains: host diamondback moths
(Plutella xylostella) and its offspring: eggs, larvae and pupae,
the egg parasitoid wasp (Tricho gramma), the larval parasitoid
wasp (Diadegma semiclausum), and the pupal parasitoid wasp
(Diadro muscollaris).
Cabbages are chosen because they are economically
important and it is one of the oldest vegetables grown with
broad recognition across nations. It belongs to the Brassica
family and is related to broccoli, cauliflowers and
brusselssprouts. Cabbage plants are susceptible to attacks by
beetles, aphids, cabbage white butterflies, thrips, diamondback
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moth – Plutella xylostella (L); imported cabbageworm –
Pieris rapae (L); and cabbage looper – Tricho plusiani
(Hubner) as described by [54]. For illustration purposes we
only consider the diamond back moth (D. moth).
The Tricho grammaegg parasitoid wasp is chosen because
of its affinity to parasitize insect eggs. It has the ability to
attack 10 hosts in a day, and an average of two adults emerge
from a single parasitized egg, [49]. The Diadegma
semiclausum larval parasitoid wasp lays a single egg in the
host larva and can deposit an egg in fourteen larvae in a day. It
has the ability to parasitize 164 host larvae in its life span, as
demonstrated by [55]. The Diadro muscollaris pupal
parasitoid wasp carry eight matured ova at any given time, and
the female oviposit within one or two days after its emergence
from the pest egg, the wasp parasitizes up to 46 host pupae in
its life span as reported by [56], [51]. Using data from the
cited publications we modelled the interaction of the three
different wasp species with the pest: egg, larva and pupa using
a negative binomial distribution sometimes known as a Pascal
distribution [38].
A continuous time numerical model of interactions between
the host diamondback moth and parasitoid wasps is now
developed. Consider a square metre with 4 – 5 cabbage plants
growing with 26 open leaves per plant, (iNlf). Consider an
equilibrium population (some arriving, some leaving) of ten
female diamond back moths (Nh) laying (β) number of eggs
once per day on a leaf (Nlf) of the cabbage plant. After a time
some eggs hatch into larvae (εNe), where ε is the fraction of
eggs hatching, while some are parasitized by the introduced
egg parasitoid wasp (Trich ogramma) (aNeNew),where a is the
probability (evaluated from the negative binomial distribution
that the female wasp finds and parasitizes a pest egg. Some
pest eggs die naturally (meNe), where meis the egg mortality
rate – (1). The egg wasp offspring (ξaNeNew), where ξ is the
efficiency (evaluated from the Weibull distribution [57], [58]
of turning prey into wasps, suffer a natural death rate (pemNew),
(2), where pem is the egg wasp mortality rate, the egg wasps
life cycle is completed within the pest egg as they emerge
from the pest egg as adult wasps, hence we only need (2) to
model the wasp population. Some pest larvae (εNe) that
escaped attack as eggs change into pupae (λNl), where λ is the
fraction of larvae changing into pupae, some larvae are
parasitized by the larval parasitoid wasp (Diadegma
semiclausum) (bNlNlw), where b is the probability (evaluated
from the negative binomial distribution) that the female wasp
finds and parasitizes a larva. Other larvae may die (mlNl)
naturally, where ml is the larva mortality rate. Some larvae do
not have sufficient food and starve (µαNl), (3), where α is the
leaf impact factor and μ is the leaf-larva coupling coefficient
[59]. The larva wasp offspring (ζbNlNlw), where ζ is the
efficiency (evaluated from the Weibull distribution) of turning
larva into wasps produces the first term in the equation, the
larva wasps suffer a natural death rate (plmNlw), where plmis the
larva wasp mortality rate, the larva wasps life cycle is
completed within and adjacent to the pest larva, hence we only
need (4) to model the wasps. Some of the larvaethat changed
to pupae (λNl) transform into adult moths (ρNp) (diamondback
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moths), where ρ is the fraction of pupae turning into moths,
some pupae are parasitized by the pupal parasitoid (Diadro
muscollaris) (cNpNpw),where c is the probability (evaluated
from the negative binomial distribution) that the female wasp
finds and parasitizes a pupa. Some pupae may die naturally
(mpNp), where mpis the pupae mortality rate, (5). The pupa
wasp offspring (ηcNpNpw) from the parasitized pest pupae,
where η is the efficiency (evaluated from the Weibull
distribution) of turning pupa into wasps, suffer a natural death
rate (ppmNpw), where ppm is the pupa wasp mortality rate, the
pupa wasp’s life cycle is completed within the pest pupa as
they emerge from the pest pupa as adult wasps, hence we only
need (6). Some of the pupae metamorphose into moths (ρNp)
and some moths die naturally (mhNh), where mh is the moth
mortality rate, hence the net moth population growth rate is
{(ρNp – mhNh)}, which controls the moth population Nh, which
is also limited by the moth environmental carrying capacity
Kh, (7). The leaf population increases due to their growth
(δNlf), where δ is the leaf growth rate, some leaves are eaten
by the larvae (  NlfNl), where  is the fraction of leaves eaten
by one larva per unit time, (8).
The following simultaneous, ordinary differential equations
provide a continuous time dynamic model of the evolving
pest, parasitoids and leaf populations per unit volume.
dN e
  N   N e  aN e N ew  me N e
dt

(1)

dN ew
 aN e N ew  pem N ew
dt

(2)

dN l
 N e  N l  bN l N lw  ml N l  N l
dt

(3)

dN p
dt

(4)

 N l  N p  cN p N pw  m p N p

(5)

dt

(6)

 cN p N pw  p pm N pw

  K  Nh
dN h
 {N p  m h N h } N h  h
dt
  Kh
dN lf
dt





 N lf  N lf N l

(7)

(8)

= Population density of wasps

parasitizing: eggs, larvae and pupae, respectively.
= Moth carrying capacity of the
Kh
environment.

mh , me , ml , m p = Moth, egg, larvae and pupae mortality rate,
respectively.

pew , plw , p pw = Egg, larval, and pupal parasitoid wasps
mortality rate, respectively.
= Efficiency of turning prey into parasitoid
 ,  ,
wasps offspring: eggs, larvae and pupae, respectively.
= Frequency with which parasitoid finds and
a, b, c
parasitizes a prey: eggs, larvae and pupae, respectively.
= Number of eggs per day from each moth


= Fraction of eggs hatching into larvae







= Fraction of larvae changing to pupae
= Fraction of pupae turning into moths
= Leaf impact factor
= Leaf growth rate
= Fraction of leaves eaten by one larva per

unit time
i

N lf

= Initial population of leaves

N lf



= Population of leaves
i

N lf  N lf
i

dNlw
 bNl N lw  plm N lw
dt

dN pw

N ew , N lw , N pw

N lf

Leaf-larvae coupling coefficient

Equation (8) models the leaf population and leaf growth
rate, which is determined using the relative growth rate
equations [58]. The proposed model consists of eight
simultaneous non-linear, ordinary differential equations (1) to
(8), which are solved using a 4th order Runge –Kutta method
as described by [60]-[63].Using the average life span of all the
insects and their mortality rates as displayed in Tables I & II
and more details in [64].
For this illustration it is important to note that from Tables I
and II, the diamondback moth and its life cycle forms (egg,
larvae and pupae) and the parasitoid wasps have a unique
death rate, which is already established from the literature and
several research papers. The parasitoid wasp mortality rate
was determined by the use of a distributive function as
described by Chatfield and Ostle in their work on the Weibull
distribution. Hence, the mortality rate can be modelled using
the Weibull distribution function [65], as summarized in Table
III.

where:

N h , N e , N l , N p = Population density of moth, egg, larvae
and pupae.
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TABLE III
THE MORTALITY RATES OF THE WASPS AND PEST WERE OBTAINED FROM THE AVERAGE LIFE SPAN BY APPLYING THE WEIBULL PROBABILITY DISTRIBUTION
FUNCTION
b 
Symbol
Life span
ln (x)
ψ= b1
(b0/b1)
Mortality
  0 
(x) days
  e  b1 
3-10
1.7918
1.4411
-1.7259
5.6176
0.26
p
ew

3-24

2.5953

0.6675

-2.4529

11.6218

p pw

5-25

2.7014

0.9148

-2.5976

13.4317

0.068

mh

5-12

2.1282

1.9249

-2.0786

7.9933

0.25

me

ml

2-6
2-11

1.4110
1.8405

1.3916
0.8707

-1.3427
-1.7314

3.8294
5.6484

0.37
0.15

mp

5-11

2.0669

2.1836

-2.0234

7.5640

0.30

III. EXPLORING THE POSSIBILITIES

300

250

200

Cabbage Leaves(Nlf)

150

100

0

20

40

60

80

100

Time (days)

Fig. 3 Pest free crop habitation

In Fig. 4 a scenario is represented where moths (iNh = 10)
are alighting on the 130 leaves and laying eggs in clusters, The
initial pest populations are: Ne = Nl = Np = 0; there are no
wasps deployed, so the infestation is just starting. After a
period of 30 days, there is a significant drop in the leaf
population from 130 to 64 and subsequently the leaf
population drops to < 20 within a period of 100 days; this is
the result of the larvae eating the leaves. After about 11 days
the moth population saturates due to the carrying capacity of
the environment, this limits the population density of the eggs,
which also saturates at the peak of 1154 eggs after about 25
days. The transformation of eggs into larva peaks at 609 larva
after 13 days causing a significant drop in leaf population,
which then causes the larva population to decrease due to the
shortage of food. At about 100 days the leaf population
collapses to 19 leaves and the dependent larva population to
226 larvae, this causes the pupae population to fall to a steady
metastable value of 164 pupae.

This section explores the effect of deploying parasitoid
wasps in different combinations to try to understand the most
economical approach to control the pest population to an
economically acceptable level.

1200

egg (Ne)

Moth eggs
Moth larvae
Moth pupae
D. moth
C. leaves

1000

A. A Pest Free Environment
Fig. 3 illustrates a scenario where there is an absence of
pests in the crop habitat (cabbage field). Hence all the insect
variables (Nh= Ne =Nl =Np = 0) are set to zero, indicating the
absence of moths visiting the habitat. The results plotted in
Fig. 3 show the normal uninterrupted growth rate of the crop
over an interval of 100 days, the leaves increased from 130 to
324 per cubic meter.
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0.055

350

Leaves population density/ m 3

Our aim is to find a lasting solution to the damaging effect
of the pest larvae, which are very harmful to the crop. In this
illustrative simulation we consider a 1m2 area of cabbage
growing habitat with 4- 5 plants each with 26 – 35 leaves per
plant. We assume an initial equilibrium population density
(that is, the entry and leaving rate of moths and larvae is
equal) of pests: 10 adult female moths, 150 eggs, 100 larvae
and 85 pupae; the carrying capacity (Kh) was set at 50 adult
moths; this value was used for all the results reported herein.
We assume that each moth lays eggs in clusters of 15 per day.
Using the model it is possible to produce copious simulation
results but clearly we are restricted in how much can be
presented.
The model can just be run with only an assumption about
the number of invading moths, with no eggs, larva or pupa but
the results are less interesting than considering an established
infestation. We assume that the initial estimates of infestation
population density are provided using a machine vision system
or the data may be collected by manual counting. After some
eggs transform into larvae, a significant effect is noticed on
the growth of the leaves, as indicated in Fig. 4. To prevent the
destruction of the cabbage crop we introduce parasitoid wasps
into the cabbage growing habitat. The results illustrate a
number of wasp deployment combinations, which will be
discussed below. For this illustration we set the initial female
wasp populations to: 30 egg parasitoid (Tricho gramma), 30
larval parasitoid (Diadegma semiclausum), and 30 pupal
parasitoid (Diadro muscollaris); the simulation results are
presented in Figs. 3 to 7.

Pest population density/ m 3
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Fig. 4 Effect of moth visitation on the crop habitat

532

ISNI:0000000091950263

World Academy of Science, Engineering and Technology
International Journal of Bioengineering and Life Sciences
Vol:8, No:5, 2014

B. Control Strategy
For the effective control of the crop pests with parasitoid
wasps, different strategies are explored to control the pest’s
reproduction to a level below an economically viable
threshold as outlined in the test cases, the best result with two
wasp species deployed is the larval/pupal combination. As
shown below the deployment of all three parasitoids
waspsimproves on this result.
C. Scenario 1 – The Deployment of Two Species of
Parasitoid Wasps
Using the same initial population densities of 10 moths, 150
eggs, 100 larvae, 85 pupae, 130 leaves, we assume that each
moth lays 15 eggs per day. Two different species of parasitoid
wasps were deployed simultaneously; the outcome is as
illustrated in Figs. 5 & 6.
Moth eggs
Egg wasps
Moth larvae
Moth pupae
Pupal wasps
D. moths
C. leaves

egg (Ne)

Pest population density/ m 3

600

500

400 Larvae(Nl)

300

200
Cabbage Leaves(Nlf)

100

0

New

Npw
Pupae(Np)
Moth(Nb)

0

20

40

60

80

100

Time (days)

Fig. 5 Effectiveness of Egg and Pupal parasitoid wasps in reducing
pest population density
700

Moth eggs
Moth larvae
Larval wasps
Moth pupae
Pupal wasps
D.moths
C. leaves

egg (Ne)

600

Pest population density/ m 3

500

400

300

200

Larvae(Nl)
Cabbage Leaves(Nlf)

Nlw

100

0

Npw

Pupae(Np)
Moth(Nb)

0

20

D. Scenario 2 – Deploying Three Species of Parasitoid
Wasps
Using the same initial pest population densities all three
parasitoid wasps (30 egg, 30 larval and 30 pupal) are
introduced into the cabbage habitat; control is established
immediately. The results of Fig. 7 demonstrate a constant leaf
growth from 130 to 214 for the period of 100 days. The result
shows the maximum pest population grows to: 601 eggs, 160
larvae, 65 pupae and 28 moths. The population density of the
eggs, larvae, pupae and moths were reduced to 57, 17, 6 and 3
respectively; which are economically viable values, with the
populations moving towards equilibrium

40

60

80

100

700

Time (days)

Fig. 6 Effectiveness of Pupal and Larval parasitoid wasps in
reducing pest population density

In Fig. 5, thirty egg and thirty pupal parasitoid wasps were
deployed into the habitat. The result shows the maximum pest
population grows to: 654 eggs, 393 larvae, 65 pupae and 39
moths. The results show a reduction in the leaf density to 125
leaves < the initial starting population of 130 after a 100 day
period. The population density of the egg, larvae, pupa and
moth were reduced to 322 eggs, 156 larvae, 22 pupae and 13
moths respectively.
In Fig. 6, thirty larval and thirty pupal parasitoid wasps
were deployed into the habitat. The result shows that the
maximum pest population grows to: 663 eggs, 174 larvae, 75

International Scholarly and Scientific Research & Innovation 8(5) 2014

Moth eggs
Eggs wasps
Moth larvae
Larval wasps
Moth pupae
Pupal wasps
D. moths
C. leaves

600 egg (Ne)

Pest population density/ m 3

Open Science Index, Bioengineering and Life Sciences Vol:8, No:5, 2014 waset.org/Publication/9999151

700

pupae and 28 moths. Due to the control effect of the deployed
wasps, there is constant growth of cabbage leaves to 208 for
the 100 day period. The population density of the egg, larvae,
pupa and moth were reduced to 219 eggs, 30 larvae, 10 pupae,
and 8 moths respectively; which leaves an unstable population
legacy.
The results of Figs. 5 and 6 show reasonable control of the
pest density; when two wasp species are deployed
simultaneously. Better control is achieved with the
pupal/larval parasitoid wasp combination, as there is an
increase in the total leaf population over the 100 day period,
Fig. 6.
The result of Fig. 6 shows the pest population was subdued
from the 7th day and the number of leaves dropped to 110. The
combined efforts of the pupal/larval parasitoid wasps subdue
the effect of the pest as the leaf population rises up again; this
gives a better performance than deploying the egg/pupal
parasitoid wasp combination, as illustrated by Fig. 5 where the
leaf population is seen to fall below the starting population
due to the massive destruction by the pest larvae. In all cases,
as the host population decreases the parasitoid wasp
population starts to decrease leading to a slight recovery in the
host population, again the model demonstrates the classic
prey/predator oscillation in population density, nevertheless,
the pest population is decreasing globally. Deploying the
larval/pupal parasitoid leaves a better population legacy than
the egg/pupal wasp deployment for the control of the
infestation.
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Fig. 7 Effectiveness of all three parasitoid wasps in reducing pest
population density
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IV. RESULT ANALYSIS
In Fig. 3, there is uninterrupted leaf growth of the cabbage
plants over a 100 day period, due to the absence of pests the
leaf population density increased from 130 leaves/m3 to 324
leaves/m3.
Once moths enter the environment they lay eggs, which
hatch into larva, which eat the leaves and the leaf growth is
attenuated. This is illustrated by Fig. 4, which also shows that
there is a rapid increase in larva population density that
attenuates as the food supply becomes inadequate to support
the over population. The larvae population then drop gradually
with a greater leaf destruction rate. The moth and egg
population density are limited by the environmental carrying
capacity thereby attaining a stable value.
The pupal parasitoid wasps deliver reasonably effective
biological pest control when deployed in combination with the
larval parasitoid, Fig. 6.
Statistical optimization of biological control implies
obtaining effective suppression of the pest population within
the shortest period of time so that the pests’ destructive effect
is controlled. The results of Fig. 4 show that the habitat can
never produce a good crop yield when the pest infestation is
left unchecked, for in this scenario the ecosystem will remain
unbalanced.
The result of Fig. 5 illustrates the control ability of the
egg/pupal combination on pest infestation; although there was
suppression of the moth eggs and pupae, the rate of leaf
destruction is still very high across the 100 day period;
whereas in Fig. 6, which uses the larval/pupal wasp
combination, there is maximum suppression of the pest
population with a corresponding increase in the leaf
population over the 100 day period. In Fig. 7, all three wasp
species were deployed, giving very effective control of the
pest infestation.
To attain maximum effectiveness in any habit, early
detection and control with the right quantity and species of
parasitoid wasps is necessary, as is observed when all three
parasitoid wasps were introduced into the cabbage habitat,
Fig. 7.

study illustrates that it is advantageous to deploy larval/pupal
parasitoid wasp combination but maximal control is obtained
with the deployment of all three wasp species. This pest
management planning system will be integrated with a pest
detection and recognition system [32], and an automatic drone
deployment system [66] to achieve sustainable pest control,
thereby discouraging the use of chemical pesticides for crop
pest infestation management.
REFERENCES
[1]
[2]
[3]
[4]

[5]

[6]

[7]

[8]

[9]

[10]
[11]

V. CONCLUSION
Via systematic application of the numerical model it has
been demonstrated that it is possible to optimize biological
pest control strategy. The model demonstrates the symbiotic
existence, at a sustainable level, of the parasitoid wasps and
the pests. Clearly we do not want to completely eradicate the
pest population because the absence of pests means that the
wasps cannot survive, as shown in Fig. 1 and Fig. 5. This pest
control planning tool provides agriculturists with the means to
calculate the number of parasitoid wasps to deploy in any pest
infested environment and the right parasitoid wasp species
combination in order to suppress the pest population within a
reasonable time scale. This approach offers a replacement for
pesticides to enable the quality of life for all of humankind to
be improved by using parasitoid wasps for the sustainable
control of pests. For rapid response to a pest infestation, this

International Scholarly and Scientific Research & Innovation 8(5) 2014

[12]
[13]
[14]
[15]

[16]

[17]

534

K. L. Bassil, C. Vakil, M. D. Sanborn, D. C. Cole, J. S. Kaur, K. J. Kerr
(2007). Cancer health effects of pesticides: a systematic review. Can
Fam Physician2007;53:1704-11.
B. R. W. Mnif, A. I. H.Hassine, A.Bouaziz, A. Bartegi, O. Thomas
(2011) Effect of Endocrine Disruptor Pesticides: A Review Int J Environ
Res Public Health. 8(6): 2265–2303. doi: 10.3390/ijerph8062265
D. W. Kolpin, E. M. Thurman, S. M. Linhart (2000). Finding minimal
herbicide concentrations in ground water? Try looking for their
degradates. Sci. Total Environ. 248:115–122.
S. Iñigo-Nuñez, M. A. Herreros, T. Encinas, A. Gonzalez-Bulnes
(2010). Estimated daily intake of pesticides and xenoestrogenic exposure
by fruit consumption in the female population from a Mediterranean
country (Spain) Food Control. 21:471–477
K. A. Osman, A. I. Al-Humaid, S. M. Al-Rehiayani, K. N. AlRedhaiman (2010). Estimated daily intake of pesticide residues exposure
by vegetables grown in greenhouses in al-qassim region; Saudi Arabia.
Food Control. doi: 10.1016/j.foodcont.2010.11.031.
C. L. Curl, R. A. Fenske, J. C. Kissel, J. H. Shirai, T. F. Moate, W.
Griffith, G. Coronado, B. Thompson (2002). Evaluation of take-home
organophosphorus pesticide exposure among agricultural workers and
their children. Environ. Health Perspect. 2002;110:A787–A792.
T. Berman, D. Hochner-Celnikier, B. D Boyd, L. L. Needham, Y.
Amitai, U. Wormser, E. Richter (2011). Pesticide exposure among
pregnant women in Jerusalem, Israel: Results of a pilot study. Environ.
Int. 37:198–203.
R. M. Whyatt, D. Camann, F. P. Perera, V. A. Rauh, D. Tang, P. L.
Kinney, R. Garfinkel, H. Andrews, L. Hoepner, D. B. Barr (2005).
Biomarkers in assessing residential insecticide exposures during
pregnancy and effects on fetal growth. Toxicol. Appl. Pharmacol.
2005;206:246–254.
D. Payne-Sturges, J. Cohen, R. Castorina, D. A. Axelrad, T. J.Woodruff
(2009). Evaluating cumulative organophosphorus pesticide body burden
of children, a national case study. Environ. Sci. Technol. 2009;43:7924–
7930.
P. Reynolds, J. B. Von, R. B. Gunier, D. E. Goldberg, A. Hertz, M. E.
Harnly (2002) . Childhood cancer and agricultural pesticide use, an
ecologic study in California. Environ. Health Perspect.;110:319–324
J.T.Efrid, E.A.Holly, S.Preston-Martin, B. A. Mueller, F. Lubin, G.
Filippini, R. Peris-Bonet, M. McCredie, S. Cordier, A. Arslan, P. M.
Bracci (2003). Farm – related exposures and childhood brain tumours in
seven countries: results from the SEARCH International Brain Tumour
Study, Paediatric and perinatal Epidemiology, 17(2): 201-11
J. M. Pogoda, S.Preston –Martins (1997). Household pesticides and risk
of pediatric brain tumours, Environmental Health Perspectives, 1997;
105: 1214-1220
W. E. Van, P. A. Stewart, A.F. Olshan, D. A. Savitz, G. R. Bunin (2003)
Parental occupational exposure to pesticides and childhood brain cancer.
American Journal of Epidemiology. 2003; 157(11): 989-97
J.F. Viel, B. Challier, A. Pitard, D. Pobel (1998). Brain cancer mortality
among French farmers: the vineyard pesticide hypothesis. Archives of
Environmental Health. 1998; 53: 65-70
Y.Fujii, K.Haraguchi, K.H.Harada, T.Hitomi, K.Inoue, Y.Itoh, T.
Watanabe, K. Takenaka, S. Uehara, H. R.Yang (2011). Detection of
dicofol and related pesticides in human breast milk from China; Korea
and Japan. Chemosphere. 82:25–31.
M. K.Kettles, S.R.Browning, T.SPrince, S.W.Horstman (1997). Triazine
herbicides exposure and breast cancer incidence: an ecological study of
Kentucky countries. Environmental Health Perspectives; 1997; 105:
1222-27
B. A.Cohn (2011). Developmental and environmental origins of breast
cancer: DDT as a case study. Reprod. Toxicol. 31:302–311.

ISNI:0000000091950263

Open Science Index, Bioengineering and Life Sciences Vol:8, No:5, 2014 waset.org/Publication/9999151

World Academy of Science, Engineering and Technology
International Journal of Bioengineering and Life Sciences
Vol:8, No:5, 2014

[18] M.H. Abdalla, M.L. Gutierrez-Mohamed, I.O. Farah(2003). Association
of pesticides exposure and risk of breast cancer mortality in Mississippi.
Biomedical Science Instrumentation. 39: 397-01
[19] G. Giacomelli, P. Ling, R. Morden (1996). An Automated Plant
Monitoring System Using Machine Vision. ActaHorticulturae (ISHS)
440, 377–382.
[20] R. Pydipati, T. F. Burks, W. S. Lee (2006). Identification of citrus
disease using colour texture features and discriminant analysis, Journal
of Computers and electronics in Agriculture.
[21] G. K. Dae, T. F. Burks, Q. Jianwei, D. M. Bulanon (2009).
Classification of grapefruit peel diseases using color texture feature
analysis Int J Agric&BiolEng Vol. 2 No.3
[22] C.Bauch, T.Rath (2005). Prototype of a Vision Based System for
Measurements of White Fly Infestation. In: Acta Horticulturae (ISHS)
691. pp. 773–780
[23] B.Skaloudova, V. Krivan, R. Zemek (September, 2006). Computerassisted Estimation of Leaf Damage caused by Spider Mites. Computers
and Electronics in Agriculture 53 (2), 81–91
[24] P. Boissard, M. Vincent, & S. Moisan (2010). A Cognitive Vision
Approach to Early Pest Detection in Greenhouse Crops. Computers and
Electronics in Agriculture 62(2): 81-93 &inria 00499603, pp.1-24
[25] L.O. Solis-Sanchez, R. Castaneda-Miranda, C.L. , Castaneda-Miranda, J.
J. Alaniz-Lumbreras, I. Torres-Pacheco, R.G. Guevara-Gonzalez, P.D.
Alaniz-Lumbreras (2001). scale invariant feature approach for insect
monitoring. Comput.Electron.Agric. 75,92-99
[26] J. A. Jiang, C.L. , Tseng, F. M. Lu, E. C.Yang, Z.S. Wu,C.P.Chen,
S.H.Lin,K.C.Lin, C. S.Liao (2008). A GSM based remote wireless
automatic monitoring system for field information: a case study for
ecological monitoring of oriental fruit fly, Bactroceradorsalis(Hendel).
Computer Electronics Agric. 62, 243-259
[27] H. Ruizhen, H. Yong, F. Liu (2012). Feasibility Study on a Portable
Field Pest Classification system design based on DSP and 3G wireless
communication technology, Sensor 12, 3118-3130
[28] B.Datt, A. Apan and R. Kelly (2006). Early detection of Exotic Pests
and Diseases in Asian vegetable by imaging Spectroscopy, Rural
Industrial Research and Development corporation (RIRDC) Publication
No 05/170
[29] R.K.Samanta,and G. Indrajit (2012). Tea Insect Pests Classification
Based on artificial Neural Networks, IJCES 2(6)
[30] S. R. Pokharkar, and V. R.Thool (2012). Early pest Identification in
green house crops using image processing technigues IJCSN 1(3)
[31] L.S.Jamal-Aldin, R. C. D. Young, C.R.Chatwin (1997). Application of
nonlinearity to wavelet-transformed images to improve correlation filter
performance. Applied optics 36 (35), 9212-9224
[32] F. O. Faithpraise, P.M. Birch, R. C. D. Young,J. Obu, B. Faithpriase, C.
R. Chatwin (2013a). Automatic Plant pest Detection & Recognition
using
k-means
clustering
algorithm
&
correspondence
filtersInternational Journal of Advanced Biotechnology and Research
ISSN 0976-2612, Online ISSN 2278–599X,Vol 4, Issue 2, pp. 10521062 http://www.bipublication.com
[33] U. S. Environmental Protection Agency (2012). Integrated Pest
Management
(IMP)
Principles
http://www.epa.gov/pesticides/
factsheets/ipm.htm (Retrieved 2/10/13)
[34] BioControl Reference CenterAcosta, EW (1995-2006). The History of
Integrated
Pest
Management
(IPM)
http://www.biconet.com/reference/IPMhistory.html (Retrieved 2/10/13)
[35] A. H. Sandler (2010). Integrated Pest Management Cranberry Station
Best Management Practices 1(1):12-15.
[36] I. P. M. Guidelines (2009). UMassAmherst: Integrated Pest
Management,
Agriculture
and
Landscape
Program.
http://www.umass.edu/umext/ipm/publications.( Retrieved 3/03/ 2012).
[37] H.J.Barclay, I.S.Otvos, and A.J.Thomson, (1970). Models of periodic
inundation of parasitoids for pest control, Canad.Entomol. 117, pp. 705–
716.
[38] R.M. May, M.P. Hassell (1988). Population dynamics and biological
control, Phil. Trans. R. Soc. Lond. B. 318, 129-169
[39] W.W.Murdoch (1990). The relevance of pest-enemy models to
biological control. In M. Mackauer, L.E. Ehler and J. Roland (Editors),
Critical Issues in Biological Control. Intercept, Andover, pp. 1-24
[40] N. J. Mills, W.M. Getz (1996). Modelling the biological control of insect
pests: a review of host-parasitoid models. Ecological Modelling, 92,
pp.121-143.
[41] Z. Varga, (2008). Applications of mathematical systems theory in
population biology, Period. Math. Hungar. 56 (1) pp. 157–168

International Scholarly and Scientific Research & Innovation 8(5) 2014

[42] M.Gámez, I. López, and A. Shamandy(2010). Open-and closed-loop
equilibrium control of trophic chains, Ecol. Modell.221, pp. 1839–1846
[43] M. Rafikov, J.M. Balthazar, and H.F. B. Von, (2008). Mathematical
modeling and control of population systems: application in biological
pest control, Appl. Math. Comput. 200 pp. 557–573
[44] M.P.Hassell (2002). The Spatial and Temporal Dynamics of Host–
parasitoid Interactions, Oxford University Press, Oxford
[45] K. Stankova, A. Abate, M.W K. Sabells (2013). Irreversible prey
diapause as an optimal strategy of a physiologically extended LoktaVolterra model, J. Math. Biol. 66:767–794, DOI 10.1007/s00285-0120599-5
[46] K. Etebari, R. W. Palfreyman, D. Schlipalius, L. K. Nielsen, R. V. Glatz,
S. Asgari (2011) . Deep sequencing-based transcriptome analysis of
Plutellaxylostella larvae parasitized by Diadegmasemiclausum. BMC
Genomics 12: 446
[47] J.L.Capinera, (2012). Diamondback moth, Featured creatures –
Entomology & Nematology, University of Florida, EENY-119,
Retrieved 23/07/13
[48] D. G.Harcourt (1957). Biology of the diamondback moth,
Plutellamaculipennis (Curt.) (Lepidoptera: Plutellidae), in Eastern
Ontario. II. Life-history, behaviour, and host relationships. Canadian
Entomologist 89: 554-564.
[49] A. Knutson (2005). The Trichogramma Manual: A guide to the use of
Trichogramma for Biological Control with Special Reference to
Augmentative Releases for Control of bollworm and Budworm in
Cotton. (Texas Agricultural Extension Service). 1-42
[50] A. Knutson (1998). The Trichogrammamanual: a guide to the use of
Trichogrammafor biological control with species reference to
augmentative releases for control of bollworm and budworm in cotton.
Publ. No. B–6071. Texas Agric. Ext. Serv., Texas A&M Univ.Res. and
Ext. Center, Dallas, TX. A. Knutson (1998). The Trichogramma
manual: a guide to the use of Trichogrammafor biological control with
species reference to augmentative releases for control of bollworm and
budworm in cotton. Publ. No. B–6071. Texas Agric. Ext. Serv., Texas
A&M Univ.Res. and Ext. Center, Dallas, TX.
[51] D. Khatri, Q. Wang, & X.Z. He (2008). Developnment and reproduction
of
Diadegmasemiclausum
(Hymenotera:
Ichneumonidae)
on

[52]

[53]

[54]
[55]
[56]
[57]
[58]
[59]
[60]
[61]
[62]
[63]

535

Diamondback moth (Plutellidae). New Zealand Plant protection. 61；
322-327 and Reproduction of Diadegmasemiclausum, thesis 2011,
Massey University, Palmerston North, New Zealand.
S. Liu, X. Wang, Z. Shi, Z. H. Gebremeskel (2001). The biology of
Diadromus collaris (Hymenoptera: Ichneumonidae), a pupal parasitoid
of Plutella xylostella (Lepidoptera: Plutellidae), and its interactions with
Oomyzus sokolowskii (Hymenoptera: Eulophidae). Bulletin of
Entomological Research. 91(6):461-69. http://www.ncbi.nlm.nih.gov/
pubmed/11818041retrieved 15/07/13
H. E. Z. Tonnang, L.V.Nedorezov, J.O. Owino, H.Ochanda, B. Lo
(2010). Host–parasitoid population density prediction using artificial
neural networks: diamondback moth and its natural enemies,
Agricultural and Forest Entomology. 12, 233-242.
A.M. Sheltonand J. T. Andaloro (1982). Effect of lepidopterous larval
populations on processed cabbage grades. J. Econ. Entomol. 75: 141143.
D. Khatri (2011) . Reproduction of Diadegmasemiclausum, MSc thesis
2011, Massey University, Palmerston North, New Zealand
D. C.Lloyd (1940). Host Selection by Hymenopterous Parasites of the
Moth Plutellamaculipennis Curtis. Proc. Roy. Soc. Lond., Ser. B, no.
853, vol. cxxviii, pp. 451–484.
C. Chatfield, statistics for technology: a course in applied statistics, third
edition (Revised) (1992) Chapman & Hall, London, ISBN 0-412-253402: pp. 327-330
B. Ostle, K. V. Turner, Jr., C.R. Hicks, & G. W. McElrath, Engineering
Statiatics, the Industrial Experience, Duxbury Press, United State of
America, (1996). ISBN 0-534-26538-3: pg. 161-165.
W. A. Hoffmann, H. Poorter (2002). Avoiding Bias in Calculations of
Relative Growth Rate. Annals of Botany 90 (1): 37.
DOI:10.1093/aob/mcf140
E. K. Fehlberg, (1969). Runge-Kutta-Formeln fünfter and siebenter
Ordnung mit Schrittweiten-Kontrolle, Computing (Arch. Elektron.
Rechnen) 4 1969 93-106.
J. R. Dormand, and P. J. Prince, (1981). High order embedded RungeKutta formulae, J. Comput. Appl. Math. 7 (1981), no.1, 67-75.
J. Butcher (2007). Runge-Kutta methods. Scholarpedia, 2(9):3147.
R. Schreiber (2007). MATLAB. Scholarpedia, 2(7):2929.

ISNI:0000000091950263

World Academy of Science, Engineering and Technology
International Journal of Bioengineering and Life Sciences
Vol:8, No:5, 2014

Open Science Index, Bioengineering and Life Sciences Vol:8, No:5, 2014 waset.org/Publication/9999151

[64] F. O. Faithpraise, J. Idung, C. R. Chatwin, R. C. D. Young, P.M. Birch
(2014b).“Biological Control of Taro Scarab Beetle (Papuanauninodis,
Coleoptera: Scarabaeidae) Instars via scoliid and Voria tachinidae”.
International Journal of Applied Biology and Pharmaceutical
Technology, Volume 5, Issue 3, in press, 27th April 2014. July –Sept
2014, ISSN: 0976-4550.
[65] F. O. Faithpraise, C. R. Chatwin, J. Obu, B. OlawaleR. C. D. Young,
P.M. Birch (2014b). Sustainable Control of Anopheles Mosquito
Population. Environment, Ecology & Management, Vol 3(1). 1-19
[66] F. O. Faithpraise, C. R. Chatwin, R. C. D. Young, P.M. Birch (2013b).
Timely Control of Aphis craccivora Using an Automatic Robotic Drone
management system (ARDMS) Technical Report, TR/SU/FF/130617,
17 June 2013, Page 1-19

International Scholarly and Scientific Research & Innovation 8(5) 2014

536

ISNI:0000000091950263

