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Abstract Climate change has noticeable significant impacts on development of most
countries because of its direct negative effect on the production and revenue of most
crops plantation process. In reality, the ongoing changes in climate variables affect
the suitability of planting some crops in their traditional places at their traditional
dates. Furthermore, the availability of huge volumes of agro-climatic data that almost
incorporates uncertainty increases the complexity of managing and discovering the
crops suitable plantation patterns from such data. Accordingly, a need appeared to an
efficient approach to handle such uncertainty and to exploit such huge data volume to
manage the crops plantation process accurately. This paper presents a fuzzy approach
based on Hadoop for discovering crops plantation knowledge from the agro-climatic
historical database of the years from 1983 to 2016 of Egypt. Commonly, the proposed
approach provides a set of scenarios for plantation dates of each crop with a suitability
degree for each scenario. Also, it helps managing crops plantation process from some
other aspects such as harvesting dates, candidate diseases and follow up for crops
water requirements respecting the data streaming of the prevailing weather data. The
proposed approach has been tested on a set of crops with cooperation of researchers
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from Cairo University and Agricultural Research Center. The results show the added
value of the proposed approach against other works respecting the more suitable crops
plantation dates, harvesting dates, expected diseases and follow up for crops water
requirements. Furthermore, the proposed approach benefits from Hadoop framework
capabilities of handling huge amounts of data streamed from weather stations.

Keywords Fuzzy set theory · Climate change · Crops plantation · Agro-climatic
data · Hadoop · Prediction

Mathematics Subject Classification 94D05 (Fuzzy logic; logic of vagueness)

1 Introduction

Generally, climate is considered one of the most important factors in the crops growth
process. Actually, each crop needs specific climate conditions for the growth of each
stage [1]. So, climate changes are projected to have direct effect on the crops yielding.
The ongoing changes in climate variables like temperature, humidity and sun shining
make some crops not suitable for planting in its traditional places at its traditional
dates. Reasonably, such plantation dates may become suitable by shifting it up or
down some days or it may become not suitable at all. Also, according to the climate
changes, new dates may become ideal for planting a specific crop although such new
dates were not suitable before [2, 3]. Because the imprecision nature of the climate
requirements of crops plantation, harvesting and candidate diseases emergency, a need
appeared to an efficient approach to cope with such imprecision like fuzzy logic. On
the other hand, the huge amount of historical climate data is used in predicting the
incoming climate variable values in the underlined incoming period. Also, the ongoing
weather data streaming through the crop growth life time are essential for the follow
up process of crops in both water requirements and harvesting date. Accordingly, such
huge amount of data and the ongoing climate data streaming need a reliable framework
to be handled such as Hadoop framework.

Commonly, fuzzy logic is a soft computing approach based on degrees of truth
rather than the old traditional Boolean logic that allows only two values: true or false,
on which the modern computer is built. Fuzzy sets calibrate vagueness by allowing
members to belong partially or totally to them.Themain advantage of fuzzy logicwhen
compared with traditional logic is its ability to deal with imprecise data and inexact
knowledge [4]. Fuzzy logic had been initiated by Zadeh at 1965 and since then many
applications and researches in different fields have been achieved [4–6]. One of such
applications is fuzzy query which has been used to cope with the necessity to soften
the Boolean logic when querying database [7]. A fuzzy query system is an interface
for users to retrieve information from a database using human linguistic words [8].

Hadoop is an open source framework for distributed processing and storage of huge
data sets on computer clusters [9]. It provides massive storage for any data type, high
performance and the ability to virtually perform unlimited concurrent jobs [10]. As
shown in Fig. 1, Hadoop ecosystem consists of a set of tools to deal with different
stages of data processing. Hive is part of Hadoop ecosystem for data warehousing. It
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Fig. 1 Hadoop ecosystem [41]

Fig. 2 Hadoop master slave architecture

provides data querying, analysis and summarization using SQL like query language
[7, 11]. Consequently, all implemented Hive tasks are converted by the Hive engine
into a set of Map Reduce tasks [12].

Commonly, the cluster of Hadoop distribute file system consists of one namenode
(themaster) and a number of datanodes (slaves). The namenodemanages thefilesystem
namespace as shown in Fig. 2. On the other hand, slaves are used to perform jobs,
store and retrieve data blocks in response to a request by the master node. Also, they
report back to the master periodically with lists of data blocks that they are storing
[13].

This paper proposes a fuzzy-based approach that predicts the more suitable plan-
tation dates, harvesting dates, candidate diseases for specific crop at specific location
given the agro-climatic historical data respecting climate changes. On the other hand,
it allows a follow up process for water requirements of the crops growth life time.

The rest of this paper is organized as follows: the second section introduces the
related works. The proposed approach is presented in the third section. The fourth
section shows the illustrative case study. The results and findings are presented in the
fifth section. The sixth section shows the conclusion and future works.

123



692 A. H. Mohammed et al.

2 Related work

Many approaches have been proposed for the problem of the effects of climate changes
on agriculture. Some approaches aimed mainly to show the impacts of climate change
on the crop production process like [1, 14]. As water resources are one of the most
important parameters in most crops plantation process, some approaches have been
developed to make adaptation to crop planting dates with climate changes like in [15,
16]. Another approach for crop yield forecasting was presented in [17] to map the
relationships between climate data and crop yielding. This approach is based on time
series data of both crops requirements and weather data. The works presented in [18,
19] represent fuzzy-based decision support systems for evaluating land suitability for
planting a specific crop and selecting the more suitable crops to be planted in a given
area. Also, a recommendation approach for wheat plantation based on the average
values of monthly climate data was presented in [20]. On the other hand, a set of
approaches based on fuzzy set theory were presented in [21–23]. Such approaches
predict the more suitable plantation dates of a set of crops respecting climate changes
that happened in the last five years in some areas of Egypt.

Commonly, each of these previousworks attempts to tackle, at least for some extent,
the problem of crops planting and yielding respecting climate change. Unfortunately,
some of these works don’t provide weights or matching measures for the resulted
solutions. Some other approaches depend on the average values of climate data which
are erroneous with most of crops that have mini-mum and maximum suitable values
of climate variables. Also, most of related works do not take care of expecting the
crops harvesting dates that are very crucial to prevent the crop yield from damage. On
the other hand, there still a need for searching for the candidate diseases that might
emergence during the recommended plantation dates for a given crop in a specific
area. Finally, by entering the era of big data all of such works need to be extended to
benefit from the available ongoing data streaming to enhance the overall plantation
process respecting the changes in climate and the water resources in many areas of
the world [24].

Accordingly, this work proposes a fuzzy-based approach for adapting crops plan-
tation dates, predicting the harvesting date and the candidate diseases regarding the
ongoing climate changes. Based on the available historical agro-climatic data for
Egypt, the proposed approach discovers new plantation dates that are more suitable
than old ones for a set of underlined crops. Consequently, it discovers the expected
crops diseases for the selected plantation dates. Also, it expects the harvesting dates.
On the other hand, the proposed approach performs a follow up for water requirements
of crops that have been sowed using the actual data streamed from weather stations.

3 The proposed approach

The proposed approach benefits from the flexibly of fuzzy set theory to deal with
uncertainty that exists in the requirements of most crops plantation process. Also,
it uses Hadoop Hive as a platform to enhance the performance and processing of
agro-climatic and crops databases as shown in in Fig. 3. It aims mainly to discover the
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Fig. 3 The proposed approach architecture

more suitable plantation dates, harvesting dates, expected diseases and the crops water
requirements. Firstly, the proposed approach uses the historical climate data of Egypt
to predict the next year climate data. Secondly, it receives the climatic requirements
for crops from experts or from database to form a suitability fuzzy climatic pattern
for each crop. Thirdly, it searches the agro-climatic data of the predicted year to find
the more suitable plantation dates, harvesting dates and candidate diseases for a given
crop. Finally, the proposed approach performs a crops water requirement follow up for
crops that have been sowed by using the data streamed from weather stations. Thus,
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Fig. 4 The data prediction framework

the proposed approach determines, in a dynamic fashion, how much a planted crop
needs the water to which extent.

3.1 Prediction for climate data phase

In this phase, the climate data of Egypt for the years from 1983 to 2016 obtained
from the Central Laboratory for Agricultural Climate are used to predict the next year
using Hadoop MapReduce technique [25]. The climate prediction technique that is
used is called climatology [26]. As shown in Fig. 4 the prediction process consists
of a set of steps. Firstly, the historical data are divided to twelve classes each class
represents only one month of the year. Secondly, the daily data for the corresponding
months are passed to a map task to predict climate data of the samemonth of the future
under-prediction year(s) day by day using Eq. (1). Finally, the data of each predicted
month is grouped into only one class that presents the predicted climate data of the
future predicted year(s).

PCVVd �
∑n

y�1 ACVVdy

n
(1)

where PCVVd represents the predicted value of climate variable of day d, ACVVdy
denotes the actual climate variable value of day d at year y in the historical climate
data and n is the number of historical years of the climate data.
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For example, the predicted value of the temperature at 20 December 2017 calcu-
lated as following: PT p 20 December 2017 (Temperature) � (value of temperature at 20
December 1983 + value of temperature at 20 December 1984 + value of temperature
at 20 December 1985 +……… + value of temperature at 20 December 2016)/33.

3.2 Fuzzy mathematical representation and processing for plantation related
data phase

This phase is responsible for gathering the crops climatic requirements and crops
diseases climatic emergence conditions from agricultural organizations, resources and
experts. After that, such climatic data requirements are mathematically represented
depending on the data nature.

3.2.1 Fuzzy mathematical representation for crops climatic requirements

The crops climatic requirements are gathered from the agricultural experts and from
a set of agricultural resources including [25, 27–29]. After that such climatic require-
ments are used in defining the suitability fuzzy membership functions as shown in
Fig. 5. Such fuzzy membership functions are used to measure the suitability of each
day of the plantation period of each crop.

Generally, the gathered data for crops climatic requirements have optimum values
that range between two values, around specific value, less than specific value or more

Fig. 5 A flow chart that represents requirements gathering and representation
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than specific value. Accordingly, using fuzzy sets to represent such uncertain require-
ments are rational. Since, most of such climatic requirements have range of values
with full matching degrees, so trapezoids and truncated trapezoids are the best fuzzy
membership functions to represent them [30].

For each climatic variable, representing its suitability membership functions for
any growth stage of any crop is represented using one of the following cases.

Case 1 If the optimum suitable values of a climatic variable for a crop growth are
between two values then the trapezoidal fuzzymembership function depicted in Eq. (2)
is used to represent such suitability.

Case 2 If the optimum suitable climatic variable values required for crop growth are
around specific value then the triangular fuzzy membership function presented in
Eq. (3) is used to represent such suitability.

Case 3 If the optimum suitable climatic variable values required for crop growth are
more than a specific value then the left shoulder triangular fuzzy membership function
depicted in Eq. (4) is used to represent such suitability.

Case 4 If the optimum suitable climatic variable values that are required for crop
growth are less than a specific value then the right shoulder triangular fuzzy member-
ship function presented in Eq. (5) is used to represent such suitability.

µCVi (x) �

⎧
⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

0 x < a
x−a
b−a a ≤ x < b
1 b ≤ x ≤ c
d−x
d−c c < x < d
0 x ≥ d

(2)

where µCVi (x) represents the suitability of climate variable i for planting the specified
crop, x is the climate variable value of a specific day, a and d are minimum and
maximum threshold values such that any value less than a or greater than d has zero
matching degree; while b and c represents the boundaries of the optimum range of
climate variable values for crop growth; any value belongs to the range ]a, b[ has a
partial suitability membership value in ]0, 1[.

µCVi (x) �

⎧
⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

0 x < a
x−a
b−a a ≤ x < b
1 x � b
c−x
c−b b < x < c
0 x ≥ c

(3)

where µCVi (x) represents the suitability of climate variable i for planting the specified
crop, x is the climate variable value of specific day, any climate variable value less than
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a has zero suitability degree for crop growth, c is maximum climate variable value for
crop growth, and b is optimum climate variable value for crop growth.

µCVi (x) �
⎧
⎨

⎩

0 x < a
x−a
b−a a ≤ x < b
1 x ≥ b

(4)

where µCVi (x) represents the suitability of climate variable i for planting the specified
crop, x is the climate variable value of specific day any climate variable value less than
a has zero suitability degree for crop growth, and climate variable values greater than
or equal b have full suitability degree for crop growth.

µCVi (x) �
⎧
⎨

⎩

1 x ≤ a
x−b
a−b b ≤ x < a
0 x > b

(5)

where µCVi (x) represents the suitability of climate variable i for planting the specified
crop, x is the climate variable value of specific day, any climate variable value less
than or equal to a has full suitability degree for crop growth, and any climate variable
value greater than b has zero suitability degree for crop growth.

For example, assuming that the optimum temperature degree for planting a given
crop in an area is between 20 and 25° C and the minimum and maximum temperature
are 15 and 35° C respectively. Accordingly, the best mathematical representation
would be achieved using the Trapezoidal fuzzy membership function presented in
Eq. (2) with values 15, 20, 25 and 35 for the function variables a, b, c and d.

3.2.2 Fuzzy mathematical representation for diseases emergence climatic conditions

As presented in Sect. 3.2.1, the emergence climatic conditions of crops diseases are
mathematically represented in the same fuzzy-based way as the crops growth climatic
requirements are represented. The data of crops diseases is collected from agricultural
experts and some related references like [30–33].

3.3 Fuzzy suitability computation and selection phase

Commonly, this phase represents the main phase in the proposed approach and it
includes three sub phases. The first sub phase is concerned with selecting the more
suitable plantation dates. Consequentially, in the second sub phase, the harvesting
dates of the crops that will be planted in such selected plantation dates are calculated
respecting the changes in the climate data of the predicted year. Finally, the selected
plantation dates are checked in the third sub phase to predict the probable diseases
that might harm the specified crop.
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3.3.1 Fuzzy suitable plantation dates selection sub phase

This sub phase is concerned with performing fuzzy evaluation for each day of the pre-
dicted year to determine its suitability degree of planting a given crop. The processing
scenario of this sub phase is achieved through a set of steps as presented in Fig. 6.
Firstly, fetch a set of successive continues days (period) from the time series climate
data of the year with a length equal to the age of the crop under study. Secondly,

Fig. 6 Fuzzy selection of plantation dates sub phase flow chart
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such period is divided into ordered growth stage for such crop. Thirdly, the proposed
approach calculates the suitability degree for each period for the growth stage by call-
ing the suitability fuzzy membership functions of climate variables that affect such
growth stage. In consequence, the more suitable plantation dates for the considered
crop can be determined by executing the following fuzzy query:

SELECT Plantation_Date, Suitability_Degree
FROM Years_Climate_Variables_Values, Crops_Climate_Requirements
WHERE CROP_ID � cropid
AND Temperature_ Fuzzy _Suitability ( Plantation_Date) >= accep-
tance_threshold
AND Humidity_ Fuzzy _Suitability( Plantation_Date) >= acceptance_threshold
AND Sunshine_ Fuzzy _Suitability( Plantation_Date) >= acceptance_threshold
AND PERIOD_LENGTH=crop_age_default_value;

Generally, climate variables have different effects on almost crops. So, each cli-
mate variable is given a weight value (affecting factor) reflecting how much it affects
the plantation process of the crop. Such affecting factor depends on the crop type.
The agricultural experts are responsible for determining the value of the affecting
factor (AF) of each climate variable regarding that the sum of all AFs must be Equal
1. Consequently, the total suitability matching value is computed by calculating the
summation of the weighted suitability matching values of the affecting climate vari-
ables. Accordingly, the suitability membership value of specific day(smvd) for the
plantation of a specific crop is computed as depicted in Eq. (6).

SMV D �
n∑

j�1

µCV j (x) ∗ AFCVj (6)

where n is the number of climate variables, CVj is the climate variable j and x is the
climate variable value.

Fourthly, the proposed approach calculates the suitability of each stage using Eq. (7)
and the whole period suitability using Eq. (8). Fifthly, it selects the period if each sub
period (stage) of such period has a suitability degree equal to or more than such stage
acceptance threshold.

SatgeSutibili t y �
∑n

i�1 SMV Di
n (7)

where SMVDi is the suitability membership value for day i and n represents the stage
length in days.

PeriodSuitabili t y �
∑n

i�1 SatgeSutibili t yi
n (8)

where n is the number of crop growth stages.
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3.3.2 Harvesting date calculation sub phase

Commonly, crops development and growth depend mainly on the temperature climate
variable. Each crop needs minimum amount of development temperature which is
known as base temperature. In otherwords, each crop requires a specific amount of heat
(thermal units) to develop from one point in their lifecycle to another. The summation
of daily mean temperature above the base temperature is known as growing degree
days (GDD). If the crop planted at a suitable date obtains the required total amount
of GDD for its development, it reaches the maturity stage regardless of the number of
days [31].

In this sub phase the expected harvesting dates of the crops are calculated. This is
computed based on the plantation date, the base temperature for the crop growth, the
max and min temperature during the plantation period. The processing scenario of this
phase is presented in the flow chart shown in Fig. 7. Generally, the GDD for one day
is calculated using Eqs. (9) and (10). The total GDD of the selected crop is calculated
using Eq. (11) by summing GDD for the plantation days. Once the required GDD is
reached, the selected crop starts reaching its maturity stage.

GDDday �
{
Tmean − Tbase Tmean > Tbase
0 Tmean < Tbase

(9)

where Tmean is the average value for temperature at specific day and Tbase is the
minimum development temperature for the selected crop growth.

Tmean �
(
Tmax + Tmin

2

)

(10)

where Tmax is the maximum temperature at specific day and Tmin is the minimum
temperature at specific day.

Total_GDD �
n∑

i�1

GDDi (11)

where Total_GDD is the required amount of temperature for the crop maturity, GDDi

represents the obtained amount of temperature of the specified crop at day i and n is
the number of actual planting days.

3.3.3 Fuzzy prediction of expected diseases

In this sub phase, the stages of each selected plantation date for a specific crop are
tested to check if such stages are suitable for emergence of some diseases as shown in
the flow chart presented in Fig. 8. It retrieves the expected diseases that might appear at
any stage of crop growth regarding the predicted data of the next year and the climatic
data that motivate crop diseases. Accordingly, the following fuzzy query is used to
retrieve the expected diseases for a given crop.
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Fig. 7 Harvesting date prediction flow chart

SELECT Disease_Name, Matching_Degree
FROM CROP_DISEASES , YEAR_CLIMATE_DATA
WHERE CROPID � A_Given_CropID
AND Temperature_ Fuzzy _Suitability (Crop_diseases_emergence) >= accep-
tance_threshold
AND Humidity_ Fuzzy _Suitability (Crop_diseases_emergence) >= accep-
tance_threshold
AND Sunshine_ Fuzzy _Suitability (Crop_diseases_emergence) >= accep-
tance_threshold
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Fig. 8 Fuzzy evaluation of crops plantation periods suitability to the emergence of expected diseases

AND STAGE_START = current_stage_start and STAGE_END = cur-
rent_stage_end;
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Firstly, the disease emergence suitability fuzzy membership value of specific crop
growth stage day(dsmvd) is computed day by day using Eq. (12). If the disease emer-
gence requires more than one day then the proposed approach searches for a set of
consecutive days that equal to the required days for the emergence of such disease.
Then the overall suitability of such consecutive days for disease emergence is com-
puted using Eq. (13). Finally, a disease is added to the crop expected diseases list if its
emergence suitability fuzzy membership value of such day(s) is more than or equal to
the acceptance threshold. Finally, the proposed approach provides the more suitable
plantation dates and the expected diseases that might emergence during such dates.

DSV (R) �
∑n

j�1 µRDCVj (x)

n
(12)

where DSV (R) is the suitability value of the emergence of disease D to crop R at a
specific day, µDCVj is the climate variable CVj suitability membership function for
emergence of disease D to, x the value of climate variable CVj and n is the number of
affecting climate variables on the emergence of disease the specified crop.

Consecutive_days_sutibili t y �
∑n

i�1 DSV (R)
n (13)

where n is the number of consecutive days.

3.4 Crops water requirements follow up phase

The water is undoubtedly the most important requirement for crop growth. So that,
this sub phase is concerned with a daily follow up of crop water requirement (the
actual evapotranspiration by the crop) after the crop has been sowed. Such actual
evapotranspiration is calculated as in Eqs. (14, 15) using the actual daily data streamed
from the weather stations and the sowed crop coefficient [33].

ETC � ETO × KC (14)

where,ETC is the actual evapotranspiration by the crop (mm/day),ETO is the reference
evapotranspiration (mm/day), andKC is the crop coefficient at a specific growth stage.

ETO � 0.0023(Tmean + 17.8)(Tmax − Tmin)
0.5Ra (15)

whereETO isHargreavesETO,Tmean is the average temperature,Tmax is themaximum
temperature, Tmin is theminimum temperature andRa is solar radiation data at specific
day

Depending on the data obtained from [32], the crop coefficient (KC) is changed
from crop stage to another and sometimes it ranges inside the development stage. So
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that to calculate it the proposed approach defines a function to calculate the values of
KC in Eqs. (16) and (17).

KC (x) �

⎧
⎪⎪⎨

⎪⎪⎩

KC_Initial x ≤ LDInitial
KC_Initial+ (DDnum * Ico ) LDInitial < x ≤ LDDevelopment
KC_Mid-season LDDevelopment < x ≤ LDMid-season
KC_Late season LDMid-season < x ≤ LDLate-season

(16)

where KC is the crop growth stage coefficient, KC_Initial is the crop growth stage coef-
ficient at Initial stage, KC_Mid-season is the crop growth stage coefficient at Mid-season
stage, KC_Late-season is the crop growth stage coefficient at Late-season stage, LDInitial

is the last day in the initial stage, LDDevelopment is the last day in the development
stage, LDMid-season is the last day in the Mid-season stage, LDLate-season is the last day
in Late-season stage, DDnum is the day number in the development stage and Ico is
the daily increase coefficient in KC during the development stage.

Ico �
(
KC_Mid-season − KC_Initial

Developmentlength

)

(17)

where Ico is the daily increase coefficient in KC during the development stage,
KC_Mid-season is the crop growth stage coefficient at Mid-season stage, KC_Initial is
the crop growth stage coefficient at Initial stage and developmentlength is the length of
the development stage.

3.5 Illustrative case study

The proposed approach has been applied tomanage the plantation process of thewheat,
soybean and bean crops in Alexandria governorate, Egypt. The climatic requirements
of such crops are gathered from the agricultural experts atAgriculturalResearchCenter
and from [27–29, 34–39]. On the other hand, the historical agro-climatic data includes
temperature, sunshine and humidity as climate variables for the years from 1985 to
2016.

3.6 Crops plantation dates, harvesting dates and expected diseases

Commonly, the proposed approach returns each candidate plantation period with suit-
ability degree more than 75% for any growth stage of the crop and overall suitability
more than 80% (for crops plantation or crops diseases emergence). Figures 9, 10 and
11 show the suitability of each day of the year for some crops that are planted in
Alexandria. And Table 1 shows the suitability of the traditional plantation dates for
such crops in Alexandria. While Tables 2, 3 and 4 present the recommended plan-
tation dates, harvesting dates and the expected diseases that the proposed approach
provides.

As shown in tables from 1 to 4, a lot of traditional plantation dates had been affected
by the climate changes. At the same time new plantation dates become more suitable
although such new dates were not suitable before. For example, for the bean crop the
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Fig. 9 Year days suitability for Wheat plantation in Alexandria

Fig. 10 Year days suitability for Soybean plantation in Alexandria

suitability of Nile buttonhole that start at 15 August has been degraded to became
66%. while other new discovered plantation date has been become more suitable like
the plantation date that start at 24 December which has suitability degree 90.56%.
Also, the plantation date that start at 1 January which has suitability degree 92.37%.

3.7 Water crops follow up

After the crops have been sowed, the proposed approach follows up the daily water
requirements of such crops. For example, it was applied on the wheat in Alexandria
governorate in Egypt with using the actual weather data streamed from the weather
station, radiation data of Alexandria obtained from [40] and KC of the wheat gathered
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Fig. 11 Year days suitability for Bean plantation in Alexandria

Table 1 Evaluation of the suitabilityof the traditional plantation dates for cropsunder study

Crop name Buttonholes Sowing dates Suitability degree (%)

Wheat Only one From 15 November 80

To 30 November 84

Soybean Only one From 1 may 88

To 30 may 96

Bean Nile From 15 August 66

To 15 October 97

Summer From 1 February 90

To 7 March 95

from [32]. Table 5 and Fig. 12 represent the daily water requirements for the first
50 day of the recommended plantation date of wheat that starts at 1 January Actually,
such results confirmed that the proposed approach provides more accurate values for
the wheat water requirements. Because the water requirements continuous changes
reflect the weather changes and the wheat growth stage change.

4 Results and findings

Considering the results presented in the previous section, it is noted that some of
traditional crops plantation dates became not suitable at all. At the same time, the
proposed approach discovers new plantation dates that match the crops suitable pattern
of climate variables like temperature, humidity and sun shining. Such discovered new
plantation dates help Tackling the problem of negative effects of climate change on
agriculture.Accordingly, the proposed approachhelps decisionmakerswhenplanning,
managing and making a follow up for crops plantation process.
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Table 3 Recommended periods for Soybean plantation in Alexandria

Scenario number Scenario sowing
dates

Scenario
harvesting dates

Scenario
suitability

Expected diseases

1 30 July 20 November 85.25 Soybean rust

2 9 July 22 October 92.84 Soybean rust

3 18 June 29 September 96.98 Soybean rust

4 28 May 10 September 96.17 Soybean rust

5 7 May 26 August 90.1 Soybean rust

6 16 April 14 August 80.47 Soybean rust
Sclerotinia steam rot

Table 4 Recommended periods for Bean plantation in Alexandria

Scenario
number

Scenario sowing
dates

Scenario
harvesting
dates

Frist stage
suitability

Second stage
suitability

Scenario full
suitability

Expected
diseases

1 24 December 21 May 82.87 81.79 82.33 Angular leaf spot
Halo blight
Anthracnose
Rust

2 3 December 7 May 93.12 79.07 86.095 Angular leaf spot
Halo blight
Anthracnose
Rust

3 12 November 14 April 99.88 82.89 91.385 Angular leaf spot
Halo blight
Anthracnose
Rust

4 22 October 10 March 99.92 93.66 96.79 Angular leaf spot
Halo Blight
Rust

5 1 October 20 January 97 95.37 96.185 Angular leaf spot
Rust

6 10 September 12 January 85.95 83.48 84.715 Angular leaf spot
Rust

7 26 March 26 June 99.53 80.67 90.1 Angular leaf spot
Rust

8 5 March 20 June 95.07 95.73 95.4 Angular leaf spot
Rust

9 12 February 11 June 88.96 95.29 92.125 Angular leaf spot
Rust

10 22 January 2 June 84.71 85.88 85.295 Angular leaf spot
Halo blight
Anthracnose
Rust

11 1 January 25 May 81.68 83.32 82.5 Angular leaf spot
Halo blight
Anthracnose
Rust
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Table 5 Wheat daily water requirements respecting the weather prevailing conditions and actual evapo-
transpiration by the crop

Date Water crop
requirements (mm/day)

Date Water crop
requirements (mm/day)

1/1/2017 0.225 1/26/2017 0.355

1/2/2017 0.264 1/27/2017 0.355

1/3/2017 0.264 1/28/2017 0.445

1/4/2017 0.257 1/29/2017 0.417

1/5/2017 0.291 1/30/2017 0.495

1/6/2017 0.314 1/31/2017 0.297

1/7/2017 0.249 2/1/2017 0.305

1/8/2017 0.283 2/2/2017 0.463

1/9/2017 0.249 2/3/2017 0.548

1/10/2017 0.305 2/4/2017 0.621

1/11/2017 0.241 2/5/2017 0.608

1/12/2017 0.249 2/6/2017 0.557

1/13/2017 0.257 2/7/2017 0.535

1/14/2017 0.257 2/8/2017 0.582

1/15/2017 0.323 2/9/2017 0.456

1/16/2017 0.344 2/10/2017 0.452

1/17/2017 0.291 2/11/2017 0.406

1/18/2017 0.283 2/12/2017 0.632

1/19/2017 0.249 2/13/2017 0.7

1/20/2017 0.291 2/14/2017 0.677

1/21/2017 0.376 2/15/2017 0.566

1/22/2017 0.347 2/16/2017 0.508

1/23/2017 0.285 2/17/2017 0.518

1/24/2017 0.394 2/18/2017 0.581

1/25/2017 0.312 2/19/2017 0.657

Fig. 12 Wheat daily water requirements assuming 1 January as start plantation date

Such help can be achieved by considering the following aspects of the plantation
process: firstly, some crops seedsmay bemodified for adaptationwith climate changes;
secondly, some other crops need new convenient plantation dates to be planted in its
traditional places or other new places having a suitable climatic pattern for planting
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such crop. Thirdly, the problem of water poverty causes the need for a reliable mean
to estimate the water consumption and make a follow up of the crops requirements
from water to save the water as possible. Finally, it is crucial to predict and explore
the ability of some diseases to harm a specific crop under some weather conditions.

Considering Table 6 the proposed approach has many advantages compared with
the similar fuzzy based approaches. The first advantage is that the proposed approach
base on the Hadoop platform to handle large scale data sets. Secondly, the proposed
approach determines the harvesting dates depending on the GDD. Thirdly, the pro-
posed approach performs test to the recommended plantation dates to discover the
diseases that may emergence during such plantation dates. Finally, the proposed
approach performs follow up to the water requirements for the crops that have been
planted based on the actual weather data streamed fromweather stations. Accordingly,
it has been showed that the proposed approach has more added values compared with
the other related works.

5 Conclusion

This paper presented a fuzzy based approach for discovering knowledge that helps
managing crops plantation process respecting climate changes. It enables exploring
the hidden patterns of suitable requirements for plantation process, predicting the
crops diseases emergency and also in achieving a follow up of crops water require-
ments. Based on the historical agro-climatic database of Egypt, the proposed approach
discovers new periods with suitable climatic patterns that are more appropriate than
old periods for planting of wheat, soybean and bean. Then, the proposed approach
estimates the harvesting dates for the recommended plantation dates depending on the
GDD of each crop. Also, the proposed approach provides fuzzy evaluation for recom-
mended planation dates to discover the expected diseases that might harm the crops
during such plantation dates. Furthermore, the proposed approach allows a follow up
the cropswater requirements during crops life using actual data streamed fromweather
stations. Accordingly, such approach greatly helps in agriculture strategic planning to
enhance the plantation plan of any crop in a specific location. Also, it directly increases
the profitability of a crop plantation process. Finally, the proposed approach has been
built using Hadoop Hive to handle the huge data sets with high performance. As a
future work, the proposed approach would be extended to deal with more aspects of
crops plantation process
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