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Abstract. We designed and implemented a decision support system for small
tomatoes producers that investigates ways to recognize the late blight disease from
the analysis of digital images of tomatoes, using a pair of multilayer perceptron
neural network. The networks outputs are used to calculate the damage level at
each plant and to construct a situation map of a farm where a cellular automata
simulates the outbreak evolution over the fields. The simulator can test different
pesticides actions, helping in the decision on when to start the spraying and in the
analysis of losses and gains of each choice of action.

1 Introduction

In Brazil, in 2015, the agribusiness corresponded to 21.46% of the Brazilian GDP, or
more than US$400.00 million [1, 2]. Particularly, the tomato (Solanum lycopersicon)
crop occupies the seventh position in the rank of food plant tons produced per year,
with more than 1.9 tons produced in 2014 [1, 3]. However, that plant is vulnerable to
many diseases and it ranks the second position in pesticide consumption per planted
area [4], and tomatoes require continuous monitoring from experts, which might be
prohibitively expensive and time-consuming, especially for small producers.

The most common disease that affects tomato crops worldwide is the late blight,
caused by Phytophthora infestans, a fungus that inhabits the soil and disseminates
through spores. The disease could be visually recognized by the identification of dark
brown lesions on leaves that vary from brown or gray to pale green, often situated at
the edges of the leaves, that enlarge rapidly, developing into large brown necrotic
areas [5, 6, 7]. It can spread quickly, specially under favorable climatic conditions
consisting of a combination of relative humidity under 90% and temperature around
20°C (68°F). As aresult, we have an epidemic that can lead to considerable losses in
production [5, 8, 9].

Moreover, we are facing the emergence of resistant fungus variants, while a
second generation of fungicides began to be used [10, 11, 12]. According to [13, 14,
15], with the aid of information technology for early detection of crop diseases, it was
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possible to delay the beginning of pesticides spraying to obtain an average reduction
of 50% in total sprays, reaching rates of 80% reduction in some cases.

This paper presents a decision support system that generates simulations of
spreading scenarios of contamination and tests alternatives for combating the disease,
supported by meteorological data and a well-known prediction model of the late
blight. This research is based on previous works [16, 17, 18] where we have measured
the damage level at tomato plants by using digital images of their leaves and a neural
network classifier that assigns, for each image, a status number among seven possible
degrees of the scale from [6] that represents the health condition of tomato plants, as
shownin Table 1.

Status 0 1 2 3 4 5 6
% of _
0 0-3 3-12 12-22 | 22-40 | 40-76 | >=77
damage

Table 1: Status for each range of damage percentage [6].

We have used a combination of two ANN'’s to perform, for each pixel, its
classification into one of three possible categories: healthy, injured or background. A
JPEG image of aleaf, took in the open field, is processed into atext file that contains,
for each pixel, its x and y coordinates, RGB values, and HSL values, linearly
normalized. Each record is presented to both ANNS, already trained, where one ANN
is trained to recognize green pixels and the other to recognize red pixels. A new
schematic colored image is constructed, using the responses of the two ANNS,
containing only green, red and black pixels. The damage level of each image is
calculated based on the percentage of damage areas over the total number of leaf
pixels, despising all background pixels.

2 TheDecision Support System

The Integrated Pest Management Program of California University [19] enumerates
several reputable prediction models of late blight propagation in tomato and potato
crops. Among those, we have chosen the Hyre prediction model [20] that indicates
that an initial outbreak of late blight will occur between 7 to 14 days after 10
consecutive favorable days. A favorable day, in turn, occurs after five consecutive
days where the mean temperature stays between 7.0°C and 25.5°C (48°F and 78°F)
and, at the same time, after 10 days with a total precipitation equal to, or higher than,
30 millimeters (1.2 inches).

1.1. TheForecasting M ode

We have used historical data, obtained through the Brazilian Nationa Ingtitute of
Meteorology [21], to calculate the mean of some meteorological variables in specific
intervals of days, chosen by the system user during the simulation. We collected some
meteorological datafrom the city of Paty do Alferes, one of the main tomato producer
region in Brazil, from 01/01/1999 until 01/01/2015, which includes temperature,
relative humidity, minimum temperature, maximum temperature and precipitation.
The system user can also choose the size of the data window that will be used in the
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historical average calculation, and it can be 5, 10 or 15 years, for al available
variables. Those historical averages are used to estimate the meteorological variables,
for each day of the period of simulation.

1.2. The Cellular Automata M odel

A cellular automata (CA) was used to model the dynamics of late blight, defined in
the two-dimensional domain, with Moore's neighborhood and a probabilistic
transition function. The CA works over a matrix that represents a cultivated area of
tomatoes where each cell corresponds to a plant that has a health condition value, or
status, associated withit. The user defines the wind direction parameter, that
controls the direction of the status changes. The status of any cell would only change
if it can be reached by an infected cell in its neighborhood and if the wind direction
allows this contact.

The next status of each cell c(i,j), where i is the line and | is the column,
depends on its current status, E(c(i,j)), and on the current status of all its neighbors, in
a neighborhood of size 8. An infected cell could have its status worsened when there
are infected cellsin its neighbor, or improved, when a technique C for combating the
disease is being used. Each neighbor can affect a cell c(i,j) in a weighted way,
according to the factors indicated by Hyre's model, shown in Table 2, which
considered the number of outbreaks Qo, the number of favorable days Qf, and the
current status E of cell c(l, j). The combination of all changes would build the new

status matrix.
1 2 3 4 5 6
>= 0.1 0.8 14 1.6 1.8 2
Qo>1 Qf 10
10> Qf>=7 0.1 0.5 1 1.1 1.2 14
Qo>3| 7>Qf>=5 0.2 04 0.6 0.7 0.8 0.9

Table 2: Rulesfor calculation of weight P.

We have tested two forms of combat and, according to the literature [22], the
combat type 1, which uses Dimethimorph, could decrease the status of a cell by 30%
of the current status. On the other hand, combat type 2, which uses Metalaxyl-
M+Mancozeb, could decrease the status by 20%. Thus, when using a combat method,
the CA dynamics can be summarized by (1).

8
E'(c) = ECG) + ) P (vae(@))) = €« Ee(i.)) @

n=1

3 Resultsand Discussion

The simulation system is capable of mapping the streets and lines of a farm, where
each tomato plant is placed in a matrix based on their real georeference information
and the corresponding cell is painted with a different color that depends on the plant
health status (Table 3). The resulting matrix thus conceptually represents a map of the
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cultivated area being monitored by the system (Figure 14). In the map, it is possible to
select any cell and retrieve the corresponding sample information, including the
original leaf image, the current health condition of the plant and the location of the
plant in the field (Figure 1b).

Status 0 1 2 3 4 5 6
Cdl Dark Green Light Yellow | Orange Dark | Reddish
color green green Orange | orange

Table 3: Color correspondence of map cells for each possible status.

During the simulation, it is possible to visualize the spreading of the late blight
in the conceptual map of the cultivated area and to analyze strategies to combat the
disease (Figure 2). The simulation is interactive and simple, and the user can pause,
resume or restart the simulation at any stage. It is also possible to stop the simulation
at any time to choose a combat method for the disease. If acombat istested during the
simulation, a new dynamic could occur, reducing the status of tomatoes, depending on
the contamination level of the field as a whole, the climatic factors, and the type of
combat chosen. Figure 3 shows what happens when combat type 2 is used on the 12"
day of simulation. Starting from the same situation of Figure 2a, it is possible to see
that the losses could be minimized in the end of the 30" day of simulation.

Fig. 1. (&) Conceptua map of a cultivated area of tomatoes from a monitored farm. (b) Details
from a selected tomato on the map.

We are already working on a panel of statistics that will show the performance
of the simulation, displaying the financial results obtained by chosen a specific
combat strategy, and comparing the costs of using the pesticides against not using at
all. We have modelled the dynamics of only two chemical fungicides to be available
in this first version of our simulator because they are the most common in Brazil for
tomato blight control. However, it is relatively simple to model new chemical control
methods, and we are working on atool that enables the user to do so.

We believe that this research is a suitable contribution to help small farmersin
the early detection of late blight. The aternative we presented can accelerate the
identification of the disease and help measuring the extension of the infestation. Plus,
it can help small farmers to plan better the best time for spraying fungicides,
protecting the environment while reducing the plantation costs.
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(b)

Fig. 2: A non-combat simulation starting at 06/24/2016, having wind direction from west to
east and conducted during 35 iterations on a matrix with 1200 elements, where each cell
represents one tomato plant. (a) At the beginning, before the smulation starts, with cells
containing the origina status of each plant, collected in loco (cells marked with an **’
represents one photographed plant, while the others have their status all settled to O-healhy); (b)
The map situation at iteration number 12, which means that the map represents the farm
situation after 12 days from the initial day (c) The map situation at the 35" day, when the
simulation ends.

(©
Fig. 3: A combat type 2 simulation starting at 06/24/2016, having wind direction from west to
east and conducted during 35 iterations on a matrix with 1200 elements, where each cdll
represents one tomato plant. (a) On the 12" day of simulation, the combat type 2 was selected
and the simulation was resumed; (b) The map situation at iteration number 35, when the
simulation ends.
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