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Abstract
Vegetables are an important supplement to the human diet as they provide the essential minerals,
vitamins and fibre required for maintaining health. Large number of land throughout the world cannot be
used for food production because of the limitations imposed by natural or man made environmental
stresses. This creates a major problem for agriculture. Production must be increased to meet rapidly
growing demands with improved production techniques. New agricultural research is needed to supply
information to farmers, policy makers and other decision makers on how to accomplish sustainable
agriculture over the wide variations in climate around the world. In this direction the use of crop models
in research is being encouraged. Modeling techniques applied to agriculture can be useful to define
research priorities and understanding the basic interactions of the soil-plant-atmosphere system. As a
research tool, model development and application can contribute to identify gaps in our knowledge, thus
enabling more efficient and targeted research planning. Using a model to estimate the importance and the
effect of certain parameters, a researcher can notice which factors can be most useful. An intensely
calibrated and evaluated model can be used to effectively conduct research that would in the end save
time and money and significantly contribute to developing sustainable agriculture that meets the world’s
needs for food.
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Introduction
A crop model can be described as a quantitative scheme for predicting the growth,
development, and yield of a crop, given a set of genetic features and relevant environmental
variables [1]. Crop Simulation Models (CSM) are computerized representations of crop growth,
development and yield, simulated through mathematical equations as functions of soil
conditions, weather and management practices [2]. Although crop models have great potential
for practical use in agriculture and horticulture, their use is still limited [3]. Model simulates or
imitates the behaviour of a real crop by predicting the growth of its components, such as
leaves, roots, stems and grains. Thus, a crop growth simulation model not only predicts the
final state of crop production or harvestable yield, but also contains quantitative information
about major processes involved in the growth and development of the crop.
Before a model can be used it must be validated, i.e. model output, after running the model on
historical input data recorded for the real system, has to be compared with the real system
output. Models are often validated with all or some of the data used for model development or
calibration [4, 5]. Whereas independent data, not used in model development, should be used [6].
As knowledge is accumulated, results obtained from observation change from being
qualitative to being quantitative and mathematics can be adopted as the tool to express
biological hypotheses. Advances in computer technology have made possible the consideration
of the combined influence of several factors in various interactions. As a result, it is possible to
quantitatively combine the soil, plant, and climatic systems to more accurately predict crop
yield. Thus, with the availability of inexpensive and powerful computers and with the growing
popularity of the application of integrated systems to agricultural practices, a new era of
agricultural research and development is e [7]. In crop growth modeling, current knowledge of
plant growth and development from various disciplines, such as crop physiology,
agrometeorology, soil science and agronomy, is integrated in a consistent, quantitative and
process-oriented manner.
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Uses of models
Modeling helps us to understand, predict and control a system in a more organised or
methodological manner because models provide a quantitative description of the system and a
way of bringing together knowledge about the parts to give a coherent and holistic view of the
system. Models can help to identify areas where knowledge is lacking, and can help to
stimulate new ideas or approaches for research.
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Models can be used to identify interesting and stimulating
areas of research, and those short-listed can later be
implemented in actual experiments. Models can complement
and add value to actual experiments. Interpretation of results
from experiments can sometimes be aided using a model. In
special circumstances, models can replace experiments to
study the effects of certain factors or conditions that otherwise
cannot be studied in actual experiments due to high costs,
great length of time, high risks or technical difficulties.
Modeling encourages collaboration among researchers from
various fields of expertise because a system consists of
various components, where the study of these different
components often requires separate fields of study.
Crop modeling in vegetable crops
A dynamic simulation model for tomato crop growth and
development, (TOMSIM) was validated for four glasshouse
experiments with plant density and fruit pruning treatments
and on data from two commercially grown crops. In general,
measured and simulated crop growth rates from 1 month after
planting onwards agreed reasonably well, average
overestimation being 12%. However, crop growth rates in the
first month after planting were overestimated by 52% on
average. Final crop dry mass was overestimated by 0 - 31%,
due to inaccurate simulation of LAI, resulting partly from
inaccurate SLA prediction, which is especially important at
low plant density and in a young crop [8].
Rregression models were generated to mimic the behavior of
minerals in tomato plants and they were included in the model
in order to simulate their dynamic behavior. The results of
this experiments showed that the growth model adequately
simulates leaf and fruit weight (EF > 0.95 and Index > 0.95).
As for harvested fruits and harvested leaves, the simulation
was less efficient (EF < 0.90 and Index < 0.90). Simulation of
minerals was suitable for N, P, K and S as both, the EF and
the Index, had higher values than 0.95. In the case of Ca and
Mg, simulations showed indices below 0.90. These models
can be used for planning crop management and to design
more appropriate fertilization strategies [9].
A mechanistic crop growth model for glasshouse tomato
(TOMSIM) has been developed [10, 11], and the following of its
submodels (modules) validated greenhouse transmissivity [12],
photosynthesis [13], dry matter production [14, 10] and truss
appearance rate, fruit growth period and dry matter
partitioning [15, 11]. Sensitivity analyses for the modules for dry
matter production and dry matter distribution were presented
previously [14, 15].
In the area of greenhouse operation, yield prediction still
relies heavily on human expertise. Automatic tomato yield
predictor to assist the human operators in anticipating more
effectively weekly fluctuations and avoid problems of both
over demand and overproduction if the yield cannot be
predicted accurately. The parameters used by the predictor
consist of environmental variables inside the greenhouse,
namely, temperature, CO2, vapour pressure deficit (VPD),
and radiation, as well as past yield. Greenhouse environment
data and crop records from a large scale commercial
operation, Wight Salads Group (WSG) in the Isle of Weight,
United Kingdom, collected during the period 2004 to 2008,
were used to model tomato yield using an Intelligent System
called “Evolving Fuzzy Neural Network” (EFuNN). There
results showed that the EFuNN model predicted weekly
fluctuations of the yield with an average accuracy of 90%.
The contribution suggests that the multiple EFUNNs can be
mapped to respective task-oriented rule-sets giving rise to

adaptive knowledge bases that could assist growers in the
control of tomato supplies and more generally could inform
the decision making concerning overall crop management
practices [16].
At high radiation levels, the diurnal canopy transpiration rate
in cucumber was four times higher than at low radiation levels
and the night transpiration rate reached values between 120
and 200 g m_2 d_1 in both cases. The leaf transpiration rate
decreased during crop ontogeny and was higher in the
afternoon than in the morning for the same value of radiation,
whereas a linear relationship with the VPD was found even
for values greater than 3 kPa. The results showed that the
fitted simplified Penman Monteith formula accounted for
more than 90% of the measured hourly canopy transpiration
rate, signifying that this formula could be used to predict
water requirements of crops under Mediterranean conditions
and improve irrigation control in a substrate culture.
However, the model coefficients will have to be adjusted for
specific climate and crop conditions [17].
When using multiple regression equations, it is very much
likely to predict the yield as related to temperature and light
intensity with high probability. According to the statistical
results, the equations of parameters were affected by the light
intensity directly. Nonlinear regression models including light
intensity, temperature and SPAD value may estimate yield of
cucumber cultivars [18].
Theoretical model of greenhouse microclimate was developed
for describing heat and mass transport processes in a
greenhouse row-crop stand, including radiation transfer,
energy balance, transpiration and CO2 exchange. The canopy
was described as a series of parallel rows with pseudorectangular cross-sections and variable architectural
parameters. Each of the individual submodels was
parameterized from experimental data for a dense row
cucumber crop. The general theoretical considerations were
assembled into a dynamic simulator by applying energy and
mass balances simultaneously over differential strata of plant
leaves and greenhouse air. Outputs of the simulator included
both diurnal courses and vertical profiles of leaf temperature,
air temperature, humidity and CO2 concentration in addition
to energy and mass exchange [19].
Simple model of carbon distribution for the simulation of root
development of a cucumber crop. Roots are an important sink
and growth of small fruits (before flowering) may be strongly
inhibited in the case of low photosynthetic activity. Root
growth is an opposite function of the fruit load and there is a
close correlation between the simulated rate of root growth
and the root lengthening [20].
A regression model for cucumber dry matter production was
established based on Logistic curve and the time state variable
was expressed as a logistic function about effective
temperature accumulation (ETA) and effective light intensity
accumulation (ELIA). ETA was defined as the sum of the
temperature that was higher than physiological zero point in
certain period, and ELIA was defined as the sum of the light
intensity that was higher than light compensation point
multiplied with time in certain period. Temperature, light
intensity and day length were synthetically considered. The
model had less state variables, and provided the relationships
between the cucumber dry matter accumulation (DMA) per
plant and environmental data (temperature, radiation and day
length). The result of simulation was satisfied, because RMSE
value was less than 6, and the R2 value of the results was
0.99. It indicated that the regression model for cucumber dry
matter production was reasonable and feasible [21].
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Good description of leaf initiation data (R2 values of 0.9) was
achieved when a gradual increase in the leaf initiation rate
with increasing leaf number and increasing temperature. The
end of the juvenile phase was estimated to occur on average
when the plant had 12 leaves initiated. The duration of the
curd induction phase in the model was described by using
linear responses to temperature that are symmetrical below
and above an optimum temperature [22].
A crop model and evapotranspiration model for lettuce. Field
validation of the Etc model showed agreement with Etc
measurements taken at four different locations using the water
and energy balance methods. This model improved the
estimation of exposed bare soil evaporation, which depends
on irrigation frequency and soil hydraulic properties. The
model requires only eto as a one input parameter, so it has a
high potential to be adopted and used by lettuce growers. This
can lead to water conservation and reduced nitrate
contamination [23].
Evaluation of AquaCrop model which showed that the well
simulated tuber yield, total biomass and WUE. Alternative
irrigation application showed that four to six early irrigation
applications after cessation of rainfall was enough to obtain
good yield and biomass. From this finding the most critical
stage of physiological water stress of the crop to be supplied
with deficit irrigation was preferable method, and then, the
additional water used in full supplementary irrigation should
be saved and invested in additional land productivity [24].
Model EPOVIR is integrated in the decision support system
TUBERPRO which forecasts tuber yields graded by size and
the infection of the tubers by PVY and PLRV. It supports
optimization of haulm killing dates in the seed potato
production. The system calculates expected seed yield and the
probability that virus infection remains below the tolerance
limit used in seed certifIcation. The combination of the two
factors gave the expected certifIed seed yield, which can
subsequently be optimized [25].
Data from a field experiment carried out on growth of onion
was used to fit logistic, gompertz, expolinear and scaife and
jones functions using time, day degrees and effective day
degrees and to test a mechanistically based that combines the
effects of potentially limiting variables such as temperature
and light and allows for plant zone area in light interception.
The expolinear function seemed the most reliable function in
estimating the early relative growth rate which is the crucial
value in all the modification for canopy senescence in onion
[26]
.
Two approaches for modelling in growth and development of
cassava (Manihot esculenta Crantz). The two models differ
only in the hypotheses accounting for storage root growth. In
model one assimilate allocation to storage roots was governed
by the combined Chanter's growth equation and in model two
the spill-over hypothesis for assimilate allocation to storage
root governs storage root growth. In both models, canopy
photosynthesis generated the carbon substrate required for all
growth processes. The growth rates of leaves, stems and
storage roots were defined by growth equations subject to
substrate saturation kinetics. A key feature of both models
was that the growth demands of the stem, fibrous roots and
storage roots were related to leaf demand rates. Allocation to
stems and branches was modeled by means of a modified
logistic growth equation which includes all the parameters
and variables (number of nodes, internode lengths, stem
density, stem modulus of elasticity and branch tensile
strength) that define the limits of the load bearing capacity of
the shoot's supportive structures. For a growth season of 290 d

(after which leaf area index equals zero and crop growth
ceases), both models simulate the sigmoidal transition from
the lag to exponential phase of crop growth [27].
Limitations in crop modeling
Crop models are not able to give accurate projections because
of inadequate understanding of natural processes and
computer power limitation. As a result, the assessments of
possible effects of climate changes, in particular, are based on
estimations. Moreover, most models are not able to provide
reliable projections of changes in climate variability on local
scale, or in frequency of exceptional events such as storms
and droughts [28]. General Circulatory Models (GCMs) have
so far not been able to produce reliable projections of changes
in climate variability, such as alterations in the frequencies of
drought and storms, even though these could significantly
affect crop yields. As different users possess varying
degrees of expertise in the modeling field, misuse of models
may occur. Since crop models are not universal, the user has
to choose the most appropriate model according to his
objectives. GCMs do a reasonable job in simulating global
values of surface air temperature and precipitation, but do
poorly at the regional scale [29].
Measured parameters also vary due to inherent soil
heterogeneity over relatively small distances and to variations
arising from the effects of husbandry practices on soil
properties. Crop data reflect soil heterogeneity as well as
variation in environmental factors over the growing period.
Model performance is limited to the quality of input data. It is
common in cropping systems to have large volumes of data
relating to the above-ground crop growth and development,
but data relating to root growth and soil characteristics are
generally not as extensive. Most simulation models require
that meteorological data be reliable and complete. Sampling
errors also contribute to inaccuracies in the observed data [30].
An ultimate crop model would be one that physically and
physiologically defines all relations between variables the
model reproduces and universally real world behaviour.
However, such a model cannot be developed because the
biological system is too complex and many processes
involved in the system are not fully understood [31]. Even if an
ideal crop model could be produced, the collection of the
highly precise system parameters and of the input data for the
crop environment would be a formidable task in itself. Thus,
the crop model is closely linked to the end use of the model
and the precision required.
Conclusion
Model development can contribute to identify gaps in our
knowledge, thus enabling more efficient and targeted research
planning. Species diversity, crop nature, quality parameters
and yield were decided the good decision making in the crop
modeling. This will be possible only if cooperation among
scientific disciplines develops. So that better crop modeling
were involved between crop physiologists and geneticists,
plant pathologists, entomologists, and food technologists [32].
In terms of designing decision support systems, specialists in
agricultural engineering, farming systems and computer
sciences.
For this integration to be effective, efforts have to be made
towards a more professional practice of building and
maintaining crop models [33]. Most models are virtually
untested or poorly tested, and hence their usefulness is
unproven. Indeed, it is easier to formulate models than to
validate them.
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