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Abstract. We examined the correlations between the factors leading to the development of crops,
techniques and methods considered for predicting pests and diseases among other situations. Climatic
changes and human influence have deteriorated crop growth. They have caused economic losses and
decreases in product quality; besides the excessive use of fertilizers and other products have greatly affected
the development of the field and even human health. There are a number of prediction models for different
situations Agricultural sector, some of them are: expert systems and tools to support decision making,
predicting crop growth, beginning of planting, pests, diseases, economic costs among others. It is complex to
characterize all the factors involved in crop growth due to the extensive amount of data included and
heterogeneity between them. However it is possible to design predictive models using strategies that have
been used elsewhere (methods, techniques, hybrid and selection of factors). This article shows a compilation
of recent research, including factors such as (water, soil and weather conditions, etc.), methods and
techniques used in predictive models (evolutionary algorithms, neural networks and mathematical methods,
etc.). This is part of the theoretical fame work of the work in progress for the development of a predictive
model of pests and diseases in open field crops and protected crops.
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1. Introduction
The agricultural sector is considered as one of the primary activities in the world. The demand for the
various products in this sector, establishes a framework to increase research and technological developments.
The main areas of interest are product quality, increased production, pest and disease control, resource
management (water, soil, climate, etc.), crop monitoring, and infrastructure, including the human factor and
its relationship to the environment has meant a major factor study. In recent years, there has been a lot of
developments in technology, both hardware and software, arising mainly as a support for decision-making in
the agricultural sector. In this context there is a great number of methods and techniques used to develop
these models or applications that offer services such as; prediction of pests and diseases crop performance,
control on the beginning of planting or harvesting, control of density index of crop, pest, diseases and weeds;
concentration of mineral resources (water and soil), among others.
The heterogeneity of the factors, the variability of the parameters and the large number of tools (methods
and techniques) that exist to solve the different situations that arise in crops, promote the level of complexity
of prediction models for this reason this article shows the main factors affecting crops, and the methods and
techniques that have been used for prediction. This framework is part of the work in progress to develop a
predictive model of pests and diseases.
This article is composed as follows: The first part shows the reader predictors that have been used so far.

1.1. Crop phonological stages and weather conditions
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Contribution Cultivation: There are a variety of crops around the world. Each crop developed in different
stages or phases of growth. These growth stages are conditioned by four environmental or climatic factors:
temperature, relative humidity, light and carbon dioxide level. These factors combine to varying degrees for
plants to perform their functions, and the absence of any of them ceases its metabolism [1]. The phenological
stages are defined as periodic phenomena of living beings and their relationship to environmental conditions.
These stages are very variable, i.e., there is a different number of phonological for each live crop. However,
it is possible to associate the stages and organize them into small groups. Thus it will be relatively easy to
identify the stages of the crop and to conduct tests for the development of the plant.
Environmental: The concentration of greenhouse gases has increased in recent decades, eroding the
quality and size of the product of crops [2]. Changes in weather conditions greatly affect crops, both in the
open and under protected cultivation.
Water and soil: The advent of the Green Revolution increased the development of synthetic fertilizers,
pesticides and irrigation control in crops. However, these techniques caused contamination in water and soil,
affecting product quality. From this arises the integrated pest management (IPM) and disease (MID), whose
purpose is providing harmony between users and products used for the handling and care of crops.
Pests and diseases: The organisms causing crop losses have the feature to regulate their body temperature,
and are exposed to climate change, so their rate of development depends on them. For this reason when the
insects cause damage to crops and exceed the economic injury level (EIL), an unstable system is produced
triggering environments for the development of pests and plant diseases.

1.2. About the techniques and methods
Models have now been developed able to classify and quantify parameters for the different effects of the
factors on the crop. According to the variable of interest in the prediction, the models can be mechanical,
empirical [3], qualitative and / or quantitative. The mechanic is characterized by greater explanatory power,
statistical methods used to describe the relationships between environmental variables and increasing the
intensity of the disease. This generally based on field experiments, where production conditions are
simulated and experimental results can be used to direct the construction-controlled model of interest.
Empirical models are characterized by the cause / effect, however can be used to make inferences about the
underlying biology of the studio system.
Both types of modeling, mechanical and empirical, are used to identify parts of a cycle of the disease
requiring further exploration based on experiments. Likewise, there are currently almost as many mechanical
and empirical models, which are successful. They consider the weather as significant factor in the model,
because of its close correlation with crop performance [1, 4].
To perform the assessment of a model, it is necessary to replicate plot level investigations to determine
the performance of the model-based decisions and compare them with the corresponding in practice. There
are a number of predictive models using various techniques and / or methods to support decision making to
control the factors around the crop. Among which are evolutionary algorithms, neural networks, statistical
techniques [5], hybrid [6-7] among others (Table 1).

1.3. Importance of the study of various factors in open field and protected crops
This occurs in both crops protected as open countryside. Although protected crops have gained great
influence in recent decades in the market due to obtaining greater control over the cultivation, the parameters
of the factors considered for the prediction of any event around the crop, both in protected crops as are
generally concentrations of pollen, humidity [1], open field, solar radiation, climate and microclimate [5],
relationship between pathogens and plant (temperature, water and soil nutrients and light effect) nitrate
concentration in ground water [6], land topography, soil quality, water, [8], grasses (relationship between
agriculture and livestock), CO2 [9], air velocity and moisture absorption, resource deterioration factor
derived from human and animals [10], use of pesticides and / or fertilizers, reproductive cycles of pests [11],
pest resistance in crops [12], type of region, pest and disease resistance due to the application of pesticides
and herbicides, [13], natural crop enemies depending on the season [14], increased level of NDE economic
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damage due to the relationship between the incidences of pests depending on phenological stages [15], from
a large number of parameters associated with each factor (Table 1).

1.4. Data analysis techniques and methods
The amount of data generated situation is clear, when it is required to analyze, based on more than one
feature sets with large numbers of abstract objects (data p-dimensional). Cluster analysis of data is also
known as analysis clustering (cluster analysis) of segmentation, unsupervised learning, learning without a
teacher (within the pattern recognition), numerical taxonomy (biology and ecology), typology (in social
sciences) and partitioning (in graph theory), shows the intrinsic organization of subsets, consisting of data
with similar features [16-21]. Based on several authors summarize the process of data clustering as a general
methodology and a powerful conceptual framework and algorithm for the analysis and interpretation of data
(see Table 1).
Meanwhile [18] believes that the groups mentioned above should have the following properties:
homogeneity within the cluster, that is, the data belonging to a cluster should be as similar as possible.
Heterogeneity between clusters, i.e. data belonging to different cluster should be as different as possible.
Thus the grouping process data, it may be determined as a set of observations of a physical process,
wherein each n measured features forming an n-dimensional vector xk = [xk1, ... xk2, XKN] T, xk E R.
Making a set of observations is identified by x = {x k | k = 1,2, ... N} and is represented by a matrix of N X n.
The above is disclosed for a scenario, where the goal would be to find the family of C classes that reveal
hidden in the data structure through the cluster centers represented by a vector vi = {vn1, vn2, ... vnc} for
each element of the vector vi, are the values of each of the variables measured in physical processes and are
characterized to vector type of each cluster.
To facilitate the identification of both behavior patterns as the distance between each factor and / or
variable, methods and / or techniques may be applied such as similarity measures, useful for data pertaining
to isolated or compact clusters, Hamming (Manhattan) and Euclidean Mahalanobis [11], for geometric
distance calculations between p-dimensional [22], distance Minkowski, for highly correlated data, different
variances and a different range [23].
As mentioned above, the distance relationship between each factor and / or variable is of utmost
importance to make predictions for this reason and based on the literature review (Table 1) showing the main
predictive factors such as: cultivation, resources (water, soil), pests and diseases, in addition to the human
factor. Which were used to predict various situations around the crop will be used to define the layout of the
prediction model of pests and diseases.

2. Study material
It is necessary to form clusters of the factors affecting crops, with the characteristics of homogeneity
within them and heterogeneity outside of them. The following describes the methodology proposed to initiate
this process.
In process optimization, statistical experimental design is efficiency, economy and scientific objectivity
in the use of resources of a production system, providing techniques, strategies and methods leading to better
processes operating conditions [24].
The Taguchi Method (TM) [25] is a special variant of the classic experimental design, whose purpose is
to determine the optimal value of levels of the process factors, so that the quality features established from
being minimally affected by the variability transmit those factors difficult to control called noise factors,
achieving high quality processes with lower costs of development and operation in this context, using
Orthogonal arrangements (OA) in parametric design, ensure reproducibility and scaling system designed [2526].
Here are parametric design stages, [27] the approach and the composition of the system for the design of
predictive model of pests and diseases in crops.
Step 1: Determine the quality characteristics with the possibility of achieving up to 98% accuracy or
methods used in predictive models [7]. Determining the response variable will be reflected by the percentage
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of prediction. The importance of this lies in the extraction and analysis of a large amount of data to provide
accurate and interpretable models [28]. On the other hand there are the different factors to develop various
models of prediction Agricultural sector applications.
Step 2: Identify noise factors and define operating conditions. The development of the experiment will
be explained in two sessions, the corresponding to open field and protected cultivation. In both the human
factor is definitely a noise factor.
Step 3: Identify the control factors and operating conditions. Factors: soil, water, crop, pests, diseases
and field (protected crop or open field), representing control factors (Tables 1 & 2).
Step 4: Designing the experimental matrix and the procedure for data analysis. For the analysis of the
effect of the parameters and set the model prediction is used an AO L18 Orthogonal Arrangement (March 1
** 2 ** 7) x L27 (3 ** 13). Experiments in both open field and protected cultivation will be performed. In
protected cultivation noise factors will be only the human factor, while open field weather conditions will be
included. For both main factors are ranging from 7-18, with variants of field type.
Step 5: To develop the experiment, analyze data generated and determine the optimal level of the control
factors. This will be conducted using predictive tools established by other studies (Table 1), taking into
account the characteristics of selected crop and techniques and / or optimal methods for this.
Table 1. Study of parameters for the prediction models
AUTHOR
[29]
[30]
[31]
[32]

METHOD
Bayes, Likelihood
ELISA (Enzyme-Linked ImmunoSorbent Assay)
DSS (Decision Support System)
IPM (Integrated Pest Management)

[33]

Statistical

[34]

CGE (Computable General Equilibrium)

[35]

HVAC (Heating Ventilation and Air-Conditioning)

[36]

Mathematical methods, model ALOMYSYS

[37]

ANN (Artificial Networks), MPL (Multilayer
Perceptrons)

[38]

ELISA (Enzyme-linked immunosorbent assay)

[39]

Precision Agriculture, Data Mining
ANN (Artificial Networks), MPL (Multilayer
Perceptrons)

[40]

ANALYSIS FOR…
Disease Prediction
Density and distribution of pathogens
Calculation pre-sowing
Potential pest entomology
Effects of pests and natural enemies
of crop
Economic effects
Relationship Between external and
internal factors of protected
cultivation for prediction of different
parameters
Comparison between empirical and
mechanical models for the prediction
of pests and diseases
Relationship between meteorological
factors and migration of Betula
pollen
Factors affecting the growth of
cucumber
Prediction of pests and diseases
Crop yield

[41]

Mathematical methods, ELI KDD

Economic injury level phenological
stages of the crop

[42]

ANN (Artificial Networks), mathematical models:
Midilli, Newton, Page, Henderson and Pabis,
Logarithmic, Tow term, Approximation of diffusion

Variations between the values of soil
moisture and drying

3. Results and conclusions
The crops are surrounded by a complex and variable existence of parameters (factors and variables).
There are models, applications and techniques used to predict the behavior of crops in particular regions.
These combine to analyze data obtained from crops and to subsequently be treated by algorithms for
precision and accuracy in predictions of any event around the crop, mainly used to support decision-making.
By combining the methods, mechanical and empirical, mathematical - statistical, predictiveevolutionary algorithms, artificial neural networks etc., provides an optimal response to each prediction
process for decision decision-making. Establishing the factors that have the greatest impact on cultivation
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development, in addition to the methods-techniques algorithms, used for a given situation, facilitating the
design of predictive models for crops.
Table 2. List of study parameters of the pest prediction models.
PARAMETERS

UNIT OF
MEASURE

LOW
Clayey
V1: basic
Vegetable
(tomato)

OPERATING CONDITIONS
MEDIUM
HIGH
Sandy
Hard
V2: Medium
V3: Acid

Solid Type
Water Quality

pH

Crop Type

Product Type

Pest Type
Diseases Type
Field for growing
Type
Soil Temperature
Ambient Temperature
Soil Moisture

Family
Family
Field

Open field

°C
°C
% Relative humidity

T1: Low Range
T1: Low Range
T1: Low Range

T2: Medium Range
T2: Medium Range
T2: Medium Range

T3: High Range
T3: High Range
T3: High Range

Ambient Moisture

% Relative humidity

T1: Low Range

T2: Medium Range

T3: High Range

Spices

Fruits

Greenhouse
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