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ABSTRACT

Precision agriculture is a farming management approach for a whole field with a potentiality to solve
some of management problems based on observing and measuring field crops variability using
more accurate and timely information of agricultural resources. Site-specific management for
farming operations and data mining using good sampling design is an effective tool on precision
agriculture while remote sensing facilities are perfect tools to assess the land cover, crop situation
and status as well as their changes. This work aimed to identify management zones for Peanut
crop using precision agriculture management practices. GIS, GPS, sensors and soil sampling are
the major technological components which were used for that purpose. The results showed that
using variable rate technology and management zones for Peanut crop production is greatly
responsible for lowering cost of input and decreasing environmental impact using the least amount
of chemicals necessary. Furthermore, soil suitability was successfully employed to simulate soil
characteristics effect on canopy structure and final yield.
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1. INTRODUCTION

Precision agriculture is the term used to describe
the goal of increased efficiency in the
management of agriculture. It is a developing
technology that modifies existing techniques and
incorporates new ones to produce a new set of
tools for the manager to use [1]. It's a compelling
and highly active field of research typically based
on large data collections and data-based
decision making for agricultural operations. Since
the data collections are growing rapidly, it is
essential to put research efforts into methods
which deal with those data sets [2]. Remote
sensing is one of precision agriculture tools.
According to [3] remote sensing is the art,
science & technology of obtaining reliable
information about physical objects and the
environment, through the process of recording,
measuring and interpreting imagery and digital
representations of energy patterns derived from
non-contact sensor systems. Information from
remote sensing observations can effectively be
integrated into crop modeling methodologies.
Such data have been used in crop models for
regional yield assessment [4,5]. One of the most
important retrieved information from remote
sensing is vegetation indices, which have been
extensively used for monitoring and detecting
vegetation and land cover changes [6,7]. One
type of spectral vegetation indices is the
Normalized Difference Vegetation Index (NDVI),
the ratio of near infrared (NIR) and red (R)
reflectance, which provides some measure of
light absorption by photosynthetic tissues. The
NDVI assigns a number between -1 and 1 that
gives you a measure of plant greenness based
on pigment content and can be correlated with
seasonal plant development. Generally, solil
background effects can be reduced using indices
such as the soil adjusted vegetation index (SAVI)
[8] especially for agricultural crops or
homogeneous plant canopies [9].

SAVI is more significant when agricultural crops
on widely varying soils are studied [10]. Also,
Digital Elevation Models (DEM) and Remote
Sensing data provide information about the
earth’s surface and can aid in determining
characteristics of the landscape and the soil [11].
Due to terrain features of a field are significantly
related to crop vyield across years and crop
species; it can be used to improve management
zones of the crop production. Geographical
Information Systems (GIS) is one of the

important tools of precision agriculture. This
technology allows examining and handling a
wider range of spatial databases such as soils,
weather, hydrology etc. and integrating with
socio economic variables [2]. Simultaneous
examination of these variables leads to a better
understanding of various agricultural related
process and their interactions over space and
time. This leads to characterization of resources
accurately and to identify appropriate domains to
target new technologies from time to time. By
interfacing these layers, GIS is emerging as a
powerful spatial decision support system [12].
Mapping vyield information allows a better
understanding of where and why yields vary
across fields [13,14]. Crop growth and yields vary
because of a numerous of soil characteristics
and number of permanent spatial factors that
affect yield either directly or indirectly such as
land-scape position and terrain attributes [15-18].
Egypt is a major peanut (Arachis hypogaea L.)
exporting country of which 68% peanut products
head to the European market [19]. Egyptian
Peanut production is estimated 0.2 million tons
for 2015/16, likely to be as good as at last year's
production levels. Planted area is estimated
similar to last year at 0.6 million hectares while
area harvested is estimated at 0.59 million
hectares. Planted and harvested hectares are
increased 5% comparing with 2014/15
production year, which show significant benefits.
The increase in planted acreage for 2015 was
mainly due to lower corn and soybean prices
[20]. In Salhyia and Nubaria, the largest peanut-
product areas, planted area was up 25 percent
from 2013. Record high yields are estimated for
2015. The objectives of the current work are
producing soil productivity map for Peanut crop
based on Spatial Multi Criteria Evaluation
approach and providing geo-referenced field
information using remote sensing techniques for
precision agriculture practices.

2. MATERIALS AND METHODS

2.1 Study Area

The study area is located between 30°29' 00" N
and 30°30' 00" N latitude and 31°56' 00" E and
31°57' 00" E longitude, and situated at the
eastern Nile Delta, Ismailia governorate, Egypt.
The study area represented by one pivot within
area about 67 hectares as it shown in Fig. 1. The
area cultivated with peanut crop and irrigated by
center pivot system using Ismailia canal which



El-Sharkawy et al.; IJPSS, 10(3): 1-9, 2016; Article no.lJPSS.20539

branched from Nile River. Total Dissolved Salts
(TDS) of the irrigation water = 544 mgL™.

The climate in the area is arid Mediterranean
type with an average annual precipitation of
about 20 mm and temperature 18°C.
Meteorological data required to soil suitability
assessment, collected from El-Basatin
meteorological station in Salhyia for 2015. The
data collected are namely average air
temperature, maximum air temperature,
minimum air temperature, relative humidity and
average sunshine hours as shown in Fig. 2. The
climate is mainly dry and rarely rainfall
throughout the year. During the summer, the sun
brightness hours increases and the solar
radiation getting stronger that mainly increases
the rates of evapotranspiration and plant water
consumption.
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2.2 Field Data

Twelve Soil samples collected in 2015 for the
study area by symmetric random sampling
from the uppermost centimeter (15 cm width x 40
cm depth) of soil (Fig. 3). The soil samples,

analyzed for soil physical and chemical
characteristics, were determined according
to [21].

The studied soil characteristics were soil salinity
(ECe) expressed in dS/ m of the extract of the
saturated soil paste, soil sodicity expressed in
ESP = percentage of sodium of all exchangeable
cations, soil particles expressed in sand, silt and
clay (percent by weight), soil reaction expressed
in pH value, organic matter percentage
expressed in mg/ kg, calcium carbonate
percentage expressed in % and available water
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Fig. 1. Location of study area
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capacity expressed in cm in top one meter of the
soil. The all determined soil characteristics and
climate of study area used in evaluating soil
according to [21,22].

However, NDVI is a good plant greenness
estimator [23] but it affects by soil background,
Soil Adjusted Vegetation Index (SAVI) can
reduce the background effects on. Three Landsat
8 images were acquired in May, June and July
2015. SAVI computed using Equation 1 from
Landsat 8 images at three different growth
stages of Peanut crop to show the surface
coverage condition of vegetation and to show the
stage of growth of crop canopy according to [24].
Equation 1:

(PNIR = Pred )
(ONIR + Pred +1L)

SAVI =(1+ L)*

Where:

p NIR = Reflectance in the near infrared band

p red = Reflectance in the red band.

L = A parameter to minimize soil
influence (ranging from 0 to 1). Its
value, as determined for arid zones
is 0.5.

2.3 Methodology

The methodology carried out in this study can be
viewed in two parts: Soil suitability model and
management zones for Peanut crop. Field
survey, laboratory analysis and the climatic data
were used to generate the soil productivity map;
while SAVI used to validate soil productivity map.

All determined soil characteristics
aforementioned used in generating digital soil
maps for the study area using Kriging
geostatistical method; while the suitability range
for each class were determined for Peanut crop
using the FAO procedure [25]. Based on the

digital soil maps and the climatic data, the land
productivity map for Peanut crop has been
generated as an output from the Spatial Multi
Criteria Evaluation tree (SMCE). Firstly, rank
sum method was used to generate numerical
weights from a rank order of criteria for soil
characteristics [26]. The general procedure of
SMCE included several phases. First, the
relevant criteria (factors and constraints [27]
were established. Outside the pivot and very
saline soils were considered as constraints; while
the groups defined according the five aspects
which are highly important in establishing
suitability map for crop production namely soil
salinity, soil fertility, soil physical, climate, and
topography as it shown in Table 1. Each group
contains some spatial factors were classified
based on the optimum conditions for Peanut
growth in the different growth stages using the
FAO procedure [20]. The SMCE method used
weighted linear combination, requires that all
factors must be standardized [28] into units that
can be compared [29]. In this study, the factor
maps were ranked according to [30]. Table 1
shows the ranking of the different classes to the
different parameters. All the input layers were
rasterized with cell size as 30 m in order to make
an effective weighted overlay as the resolution of
all the factor maps were not same. Rank sum
method was used to generate numerical weights
from a rank order of criteria for soil
characteristics, the data weighted to express the
importance of each factor relative to other factor
effects on crop yield; therefore, rank sum method
was used to generate numerical weights from a
rank order of the groups and the factors within
one group.

Land productivity levels for Peanut crop were
determined for three productivity classes. The
productivity levels were high production,
moderate production and low production based
on the structure of FAO land suitability
classification. This production levels are
described in Table 4 and Fig. 4.

Table 1. Rank order combined with multi criteria for getting soil suitability

Rank 1 2 3 4 5

Salinity Fertility Soil physical Topography Climate
1 EC pH CaCO3 Slope Humidity
2 ESP O.M. Coarse fragments DEM Day length
3 CEC Texture Location
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3.RESULTS
3.1 Soil Characteristics Maps

Soil properties values were statistically
processed to determine the general features of
soils studied farm. The results showed that slight
variation exists in soil properties as indicated by
low values of standard deviation (Std), where
80% of the farm area is of low and moderate
productivity. Also, the topographic characteristics
and the climatic conditions of the farm area are
almost homogeneous. The standard deviation
varied from 0.5 to 10.2 for pH and saturation
percent (S.P.) respectively (Table 2). The table

indicated that the soils are non-saline one with
an averaged EC value of 3.1 dS m™. The soils
alkalinity was assessed as relatively high
pH values with a mean of 7.80. The low value of
organic matter (O.M.) indicted that much
soils had low organic content. The low values of
the saturation percent and cation exchange
capacity might be due to the sandy clay
texture and the low O.M. contents. The CEC
and low O.M. contents indicated that the
soils had an insufficient or marginal supply
of nutrients for all crops. The Exchangeable
Sodium  Percentage (ESP) varied from
1.9% to 12.2%, which is hardly affected on
growing crop.

Table 2. Descriptive statistics of soil characteristics

Characteristics EC pH CaCoO; C.E.C. O.M. S.P. ESP
of soil dSm’ - gkg”' cmolkg™’ mgkg ' % %
Descriptive
statistics
Mean 3.1 7.80 4.8 54 0.54 22 5.3
Median 3.9 7.9 4.5 43 0.51 19 48
Standard deviation 1.7 0.5 4 3.3 0.05 10.2 22
Minimum 0.41 7.2 0.6 2.1 0.48 9 1.9
Maximum 5.2 8.5 15 22 0.63 37 12.2
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Fig. 3. Soil sample locations and digital soil characteristics maps of the study area
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3.2 Spatial Multi Criteria Evaluation for
land Suitability

The results indicated that the area extension per
hectares for each productivity class is as follows:
high production 11.35 ha, moderate production
25.3 ha and low production 26.35 ha which
represent 18.5%, 39.9% and 41.6% of the study
area respectively.

The results indicated that high production areas
were found generally in soil of EC from 0.3 to 3.9
dS m™, soil pH level (7.3 to 7.9) and CaCOj that
ranged from 0.6 to 10 g kg~'. Low production
areas were characterized by low CEC and EC
between 4 to 5.2 dS m™, soil pH level between 8
to 8.5 and CaCO; ( 15 g kg ). A comparison of
these results with the Peanut crop requirements,
in terms of soil, topography and climate
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conditions indicated that the area is generally
suitable for Peanut crop, although the low
production area need to be enhanced by
nutrients supplies and organic matter. Moreover,
accuracy assessment of soil productivity map
showed adequate classification results with 89%
overall accuracy and 0.86% overall kappa. The
results of Kappa factor show a significant effect
between the different classes on the model of
output maps.

The result showed that using automated variable
rate sprayers combined with site-specific
management for herbs infection areas are
greatly  responsible  for  lowering  cost
of herbicides and decreasing environmental
impact, through applying the least amount of
herbicides necessary as shown in Fig. 4 and
Table 3.
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Classes Area ha! Area (%)
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Moderate production  7.11 10.55
Low production 36.58 54.43
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Classes Area ha! Area (%)
No herbs 44.53 66.25
moderate infect 6.41 9.54
High infect 16.28 24.21

Fig. 4. A: Soil productivity B: Herbs infection

Table 3. Comparison statistics between using traditional and precision agriculture of
herbicides applications

Traditional agriculture

Precision agriculture

Classes Areaha’ Cost(%) Classes Areaha'  Cost (%)
No herbs 44.53 66.25 No herbs 44.53 0
moderate infect 6.41 9.54 Moderate infect 6.41 9.54
High infect 16.28 24.21 High infect 16.28 24.21
100 33.75
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3.3 Accuracy Assessment of GIS-
Mapping of Soil Peanut Productivity

Confusion matrix of 3x3 cells was selected to
assess the accuracy of GIS- map of soil Peanut
productivity; producers and users accuracy of
map unit as well as the map entire. This
accuracy assessment was based of kappa
statistics is that a measure of agreement of
accuracy. This measure of agreement is based
on the difference between the actual and correct
of confusion matrices classification (Table 3). In
this matrix, the column represents the omission
errors, while the errors of commission are shown
in the rows. Therefore, confusion matrix enabled
to determine the omitted (under estimated) and
committed (overestimated) pixels of the different
classes of soil Peanut productivity. The
interpretation of confusion matrix indicted that:

- Thirty seven zones- test were selected
(Table 4) to assess the classification
accuracy of soil Peanut productivity map,
while the categorical accuracy of
information classes was tested by different
number of zones-test. Mapping accuracy
of the mapping units of high, moderate
and low production, were assessed by 10,
9 and 18 zones —test, respectively.

The producer’s accuracies ranged from 85.74%
to 91.67% the lowest producer's accuracy was
recorded in the case of high production class,
while the highest producer's accuracies was

assigned to low production class. The producer’s
accuracies ranged between 87.41% (class of low
production) to 90.34% (class of high production).

Accuracy assessment showed adequate
classification results with 91% overall accuracy
and 0.87 overall kappa as shown on the
assessment report below.

3.4 Field Management Zones

The field management zones were established
based on the soil productivity map accompanied
with herbs infection map and vegetation indices.
The average of the mean EC, ESP, CaCO; and
measured Peanut yield within each management
zone were significant at P < 0.05 probability
level, for slope and saturation percent, at P < 0.1
probability level. In the meantime, SAVI
measurements showed higher value in zone 1
than zone 2 and zone 3. Basically, soil chemical
properties were much more optimal for crop
growth in the management zone 1 than in the
management zone 3, where the actual yield in
zone 1 was highest one whereas from 100% to
80%, while zone 3 defined as the lowest one
representing the area with yield below 50%, zone
2 from 50% to 80% production.

Thus, it appears that soil properties and
vegetation indices such as soil EC, pH, CaCOs3,
ESP, slope and SAVI can be used to delineate
management zones that characterize spatial
variation in crop productivity.

Table 4. Confusion matrix of soil productivity output data classification

Production levels

Production levels

Total zones tested

High Moderate Low
High 9 1 1 10
Moderate 1 8 2 9
Low 0 0 15 18
Total 10 9 18 37

Table 5. Classification accuracy assessment of different classes of Peanut soil productivity
output data classification

Classes Total Classified  Correctly Omission and Accuracy (%)
peanut soil examined cells classified commission Producers Users
productivity cells cells errors

High 10 10 9 5.56 90.43% 85.74%
Moderate 9 8 8 3.57 91.76% 91.76%
Low 18 17 16 6.06 87.15% 90.26%
Totals 37 22 19 - 90.27% 88.59%

Overall classification accuracy = 89.32%
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Fig. 5. Management zones for the studied
peanut pivot

4. CONCLUSION

The conclusions drawn from this study indicate
that, remote sensing imagery with soil data
analyses allowed for the identification of spatial
pattern of crop growth variability. The variability
in soil characteristics within the field effects
on Peanut yields predicted by soil suitability
model. Using the soil suitability model and a
sufficient number of field observations
within each class, an acceptable accuracy
and good spatial distribution of the
suitability classification was achieved.
Furthermore, compared with the crop growth
models, the soil suitability model provided better
detection of small areas referred to soll
properties, such as Calcareous areas and saline
soils. Using automated variable rate sprayers
combined with site-specific management for
herbs infection areas are greatly responsible for
lowering cost of herbicides and decreasing
environmental impact, through applying the least
amount of herbicides necessary. Moreover,
resulting canopy healthy and yield estimations
showed a good agreement with field
measurements  with  significant  correlation
coefficient.
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