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ABSTRACT

Nutrient diagnosis using soil testing requires reference critical levels, which are unavailable in most
underdeveloped countries. In this study we investigated a pattern recognition approach for nutrient diagnosis
using soil test survey datasets. The survey was for the western part of the Nile Delta (Al-Behaira Governorate;
0.97 million feddans; Calcaric Fluvisols; 168 soil samples [0-30 cm depth]). Soil tests included N(total),
P(NaHCO3), K(NH4OAc),Fe(DTPA), Mn(DTPA),and Zn(DTPA). ArcGIS was employed for spatial estimation
using spherical variogram, ordinary kriging, and cross-validation for optimization. Furthermore, ArcGIS was
used for classification based on mathematical criteria (smart quantile / natural grouping) that the computer uses
to uncover statistical patterns that are inherent in the frequency distribution of the spatially interpolated soil
test survey data. Accordingly, we developed single nutrient diagnosis maps. Each map consisted of four classes:
(i) Low, (ii) Adequate, (iii) High and (iv) Excessive. Application of the nutrient might result in probable
response and maintenance of soil fertility in the (i) and (ii) classes, respectively. The soil test ranges (mg/kg)
of the “Low Class” enclosed published critical level values which in support of the present procedure.
Arranging nutrients according to area percent of the “Low Class”, P came first (47%) and K last (4%) as of
the order: P>N>Zn> Fe>Mn>K. This order indicated that P was the most and K the least limiting. In the
meantime, the excessive concentration of P resulted in excess of Zn and shortage of N. Using the principle
of limiting factors, the single nutrient diagnosis maps were overlaid to derive combined diagnosis maps for
NPK and FeMnZn; each made of four classes. Area that might respond to NPK application was about 0.29
million feddans south. Area that might respond to FeMnZn application was about 0.29 millions that of z shape.
It should be emphasized that the present diagnosis procedure is dependent upon the soil test data itself for the
definition of classes. It is then the analyst’s responsibility, after classification to attach meaning to the resulting
classes. This procedure is useful only if the classes can be appropriately interpreted.

Key words: Al-Behaira soil, N, P, K, Fe, Mn, and Zn soil tests , Variogram, Kriging, Pattern recognition,
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Introduction

Soil testing is a useful tool to assess the fertilizer needs of crops using reference soil-critical nutrient level
data (Dahnke and Olson, 1990; Kastens et al., 2003). The critical level is the soil test below which yield
reductions are more likely. Above the critical level, soil test levels are not expected to limit yield. One
drawback of this approach is that most critical levels are obtained under conditions where only a single nutrient
is varied. Because the effect of a particular growth factor may change under varying conditions due to
interactions with other factors, critical values established in this way are not unique or universally applicable.
This is borne out by the rather wide variation in critical values published in the literature (Westerman, 1990).
A second drawback is that the experimental reference data required by the soil testing approach for nutrient
diagnosis are very costly and are not available in most underdeveloped countries. Another approach for soil
testing diagnosis can be based on classifying soil testing spatial data using natural groupings by employing a
geographical information system (GIS) (Burrough, 1987; Zhang et al.,1996). For a geostatistical layer, there
are three standard ways in which data can be assigned to classes: (i) Equal interval, (ii) Quantile, and (iii)
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Natural grouping or Smart Quantile (Johnston et al., 2001). Natural grouping are used in thematic information
extraction and pattern recognition (Jensen, 2005). This natural grouping approach reflects the fact that inherent
in the soil testing data the yield-nutrient concentration response curve, which is typically made of responsive
(step linear), non-responsive (plateau), and transition zones (Westerman, 1990). The purpose of this study was
to investigate the pattern recognition approach for nutrient diagnosis using soil test dataset for Al-Behaira
Governorate. A GIS was employed for spatial estimation, classification based on natural grouping, assigning
nutrient diagnosis rating values, and overlaying individual characteristic maps to create combined diagnosis
maps based on the principle of limiting factors.

MATERIALS AND METHODS

The Study Area:
The study area is the western part of the Nile delta and is situated between 30o 36’ 40’’and 31o 19’ 35’’

N Lat. and 30o and 30o 51’ 26’’ E Long., and covers an area of 4084 km2 (0.97 million feddans). It includes
Al-Behaira Governorate which is made of the Centers: Abuhummus (AH), Abuelmatamir (AM), Shubrakhit
(SH), Damanhur (DM), Elmahmudiya (MA), Alrahmaneya (RH), Itaielbarud (IT), Janaclis (JA), Hoshisa (HO),
Kafreldauwar (KA), Komhamada (KO), Rashid (RA), Idko (ID),and Eldilingat(DL) (Fig. 1). The soil is
Torrifluvents (Calcaric Fluvisols according to FAO); the parent material is alluvial deposited during thousands
of years of Nile flooding; and the land form is flood plain. Table 1 shows some soil characteristics of the
study area. The CaCO3 content varied from 24 to 169 g/kg. The pH 1:2.5 varied from 7.8 to 8.9 while the mean
and median were equal to 8.4. The EC1:2.5 varied from 0.1 dS/m to 2.6 dS/m with mode, media, and mean
equal to 1.2, 0.8, and 0.65 respectively.

Fig. 1: (First) Study area polygon in the western part of the Nile delta. (Second) Major towns and soil
sampling sites within the study area.

Table 1: Soil properties of Al-Behairah Governorate.
Parameter Sand Silt Clay CaCO3 pH* EC*

------------------------------------------------------------------------------------------ ----------------
g/kg dS/m

Mean 340 230 440 61 8.4 0.8
St.D. 170 90 130 23 8.2 0.53
Max 910 460 670 169 8.9 2.6
Min 160 20 60 24 7.8 0.1
Median 280 220 480 57 8.4 0.65
Mode 200 200 500 54 8 1.2
Kurtosis 2.19 -0.12 0.17 7.69 0.47 1.27
Skewness 1.68 -0.12 -0.87 2.28 -0.05 1.21
* 1:2.5 extract

The clay fraction varied from 60 to 670 g/kg while the sand from 160 to 910 g/kg indicating a range of
soil textures. However, the mode, median, and mean of particle size distribution correspond to a clayey texture.

Soil Sampling and Analysis:
Soil sampling from 168 random sites within Al-Behairah Governorate was conducted (Fig. 1). The site

coordinates were taken from topographic maps. Each site was made of approximately 10 feddans (1 feddan
= 0.42 ha) of corn fields. A random composite soil sample (0-30 cm depth; 5-35 cores per composite) was
taken per site. The composite soil sample then was dried sufficiently for crushing and sieving through a 2 mm
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sieve; uniformly mixed prior to splitting and keeping sub-sample into a plastic container for analysis and soil
testing. 

Soil samples were analyzed for particle size distribution (hydrometer method), pH and EC of the 1:2.5
extract, and CaCO3 (calcimeter method) (Page, 1982). Total N was determined using semi-microkjeldahl
method (Piper, 1950). The “0.5 M NaHCO3 at pH 8.5 method” was used for P soil testing (Olsen et. al, 1954).
The “1 M NH4OAc at pH 7.0 method” was used for K soil testing (Jackson,1958). The Fe, Mn, and Zn were
extracted by DTPA (Lindsay and  Norvell, 1969). The metal concentrations were measured with a Zeiss PMQ
atomic absorption spectrophotometer. The Phosphate was measured by the vanadate-molybdate method using
Zeiss PM 6 spectrometer (Jackson,1958).

Data Normalization:
Data outliers were removed from the experimental soil analysis data. Outliers are values > m+3s and <

m-3s, where m and s are the mean and the standard deviation, respectively. Afterward, the data were
normalized by dividing the soil analysis values by the maximum (Han and Kamber,2001). Normalized data
were used in the spatial estimation and classification.

Spatial Estimation:
The GIS used in this study was ArcGIS (version 8.1) (ESRI, 2001). Variogram models tested in this study

were: γ(h) = c0 + c f(h/a) (1) where γ = semi variance, h = separation distance, a = range, c0 = nugget, c0+
c = sill, f(h/a) = [h/a] for the linear-plateau; f(h/a) = [1.5 (h/a) – 0.5 (h/a)3] for the spherical; f(h/a) = [ 1 –
exp(-h/a)]) for the exponential and f(h/a) = [1– exp- (h2 / a)] for the Gaussian model (Journal and Huijbregts,
1978; Wackernagel, 1995). The experimental and model variograms were assumed isotropic, i.e., the nature
of the spatial correlation between data at two locations depends only on the distance between the locations and
not on the vector direction of their separation. The kriging models tested in this study were ordinary kriging
and universal kriging as two types of surface estimators. This preliminary test indicated that the soil test values
were best estimated using spherical variogram and ordinary kriging as indicated by cross validation tests
(Johnston et al., 2001).

Classification
We used Smart quintiles to delineate four classes based on natural groupings of data values (Johnston et

al., 2001). Break points are identified based on mathematical criteria that the computer uses to uncover
statistical patterns that are inherent in the data. The nutrient’s normalized concentration values are divided into
classes whose boundaries are set where there are relatively big jumps in the data values, so groups with similar
values are placed in the same class.

Combined Diagnosis Maps:
The resulted kriging interpolated soil test values, for a single nutrient, were then reclassified to a common

scale (1-4), giving higher values to more sufficient concentration. The reclassified rasters (one raster per a
nutrient) were combined to derive NPK and FeMnZn application response rating rasters using the Cell Statistics
function in ArcGIS. The Cell Statistics functions in ArcGIS allows you to compute a statistic for each cell in
an output raster based on the values of multiple input rasters (McCoy and Johnston, 2003). The Minimum
function determines the minimum value on a cell-by-cell basis between inputs.

RESULTS AND DISCUSSION

Descriptive Statistics of soil test values:
Table 2. shows descriptive statistical parameters for the soil test values of N, P, K, Fe, Mn, and Zn. The

large difference between the N mean (1530 mg/kg), median (1400 mg/kg), and mode (1000 mg/kg); and the
large positive values of the skew ness (1.64) and kurtosis (3.67) indicate asymmetric histogram skewed to the
left with sharp peak compared to normal distribution. While the histogram of N seems asymmetric, the
histograms of the remaining nutrients seem close to symmetric. The means of soil test values of the P, K, Fe,
Mn, and Zn are 15.8, 510, 26.6, 16.3, and 2.0 mg/kg, respectively.

Variogram’s Parameters:
Table 3 shows variogram parameters of the spherical model used in data interpolation by ordinary kriging.

The range (zone of influence) of Fe, Mn, and P is large (69 – 76 km) compared to N, K, and Zn (12 – 32
km). Beyond a distance h equal to the rang, the soil test random variable Z(Xi) and Z(Xi+h) are no longer
correlated.
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The nugget which is also known as the noise or micro spatial variability is minimum for N and maximum
for P, K, and Mn.

Table 2: Descriptive statistical parameters for soil test values in mg/kg.
Parameter N P K Fe Mn Zn
Mean 1530 15.8 510 26.6 16.3 2.0
St.d. 810 10.8 190 13.2 7.8 0.7
Max 5190 45.0 1060 64.8 36.7 3.9
Min 350 1.3 80 4.2 2.0 0.6
Median 1400 12.2 480 25.3 16.3 2.0
Mode 1000 5.1 420 23.4 12.4 2.0
Kurtosis 3.67 -0.14 -0.18 -0.63 -0.65 -0.26
Skewness 1.64 0.93 0.53 0.32 0.24 0.2

Table 3: Spherical variogram model parameters used in ordinary kriging
Layer Range, Km Sill Nugget
N 21 0.0285 0.0051
P 69 0.0695 0.0379
K 32 0.0322 0.0259
Fe 76 0.0547 0.0185
Mn 76 0.0500 0.0354
Zn 12 0.0307 0.0112

Frequency Distribution of the Interpolated Soil Testing Data:
Figure 2 shows frequency distribution of the interpolated soil test data together with the smart quantile

classification of the population to four distinct subpopulations (classes). This natural grouping seems to consider
the fact that inherent in the soil testing data the yield-nutrient concentration response curve which is made of
responsive (step linear), non-responsive (plateau), and transition zones (Westerman, 1990).
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Fig. 2: Frequency versus normalized concentration for krig-interpolated soil testing data.

Single Nutrient Diagnosis Maps:
Figure 3 shows the diagnosis maps for the nutrients N, P, K, Fe, Mn, and Zn. Each map consists of four

classes (as of the supply of the nutrient): i) Low, (ii) Adequate, (iii) High, and (iv) Excessive. Application of
the nutrient may result in probable response and maintenance of soil fertility in the (i) and (ii) classes,
respectively. The P “Low Class” surrounds Abuhummus (AH), Damanhur (DM), Hoshisa (HO), Kafreldauwar
(KA), Rashid (RA), and Idko (ID), while the K “Low Class” is in a small area south of Abuelmatamir
(AM).The P and K supply seem to be “low” in 47% and 4% of Al-Behaira Governorate, respectively (Table
4). Arranging nutrients according to area percent of the “Low Class”, P comes first, followed by N, and the
remaining nutrients as of the order: P> N>Zn>Fe>Mn>K. This order indicates that P seems the most and K
the least limiting for plant growth. In addition, as seen in Fig. 3, the excessive concentration of P seems to
result in excess of Zn and shortage of N.

Table 4: Class area percent for single and combined nutrient layers.
Test Low Adequate High Excessive
P 47 22 19 12
N 24 36 34 6
Zn 23 34 33 10
Fe 18 33 35 14
Mn 6 28 35 31
K 4 29 50 17
Fe Mn Zn 31 43 25 1
NPK 30 48 21 1

Table 5 shows soil test value ranges for the nutrient classes. We interpret the “Low Class” range as
follows: at the low end of the range, a yield response is high probable. On the other hand, at the high end
of the range, response would seldom occur. Such interpretation implies that the “Low Class” ranges should
enclose  the critical levels.

When we compare the ranges of the “Low Class” (Table 5) with published nutrient critical levels (Table
6) a good agreement exists except for Mn. For Mn the lower limit of the “Low Class” range is greater than
the critical level by an order of magnitude. This difference seems insignificant when we consider the findings
of Cox (1997) that there is a typical range in critical values rather than a single point. In a normal distribution
the (mean ± 2 standard deviations) takes in 95% of expected observations. This finding (critical levels exist
within the “Low Class” ranges) is in support of the present procedure for nutrient diagnosis that is based on
natural grouping of soil fertility survey data.

Table 5: Soil test ranges (mg/kg) for nutrient classes.
Nutrienttt Low Adequate High Excessive
N 350 1190 1190 1660 1660 2420 2420 5190
P 1.3 12.3 12.3 17.5 17.5 23.4 23.4 45
K 80 390 390 480 480 560 560 1060
Fe 4.2 18.8 18.8 27.2 27.2 35.6 35.6 64.8
Mn 2.0 10.9 10.9 15.2 15.2 18.9 18.9 36.7
Zn 0.6 1.7 1.7 2.1 2.1 2.5 2.5 3.9
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Table 6: Published critical levels
Soil test Critical level, mg/kg References
N (Total) 1000 Landon (1984)
P (NaHCO3) 7 CES (2005)
K (NH4OAc) 150 Silvertooth (2001)
Fe (DTPA) 4.5 & 5 CES(2005), Silvertooth (2001) & SSFMI(2004)
Mn (DTPA) 1 Silvertooth (2001), SSFMI(2004), CES(2005)
Zn (DTPA) 1 SSFMI(2004)

Fig. 3: Single nutrient diagnosis maps.

Combined Diagnosis Maps:
A common practice in Al-Behaira Governorate is the application of NPK and FeZnMn (e.g. Fetrilon-

Combi) fertilizers (Al-Moursi et al., 1979). The expected response can be predicted from combined diagnosis
maps derived by overlaying the single nutrient diagnosis layers based on the principle of limiting factors.
According to this principle (Cowell, 1994), the level of crop production can be no greater than that allowed
by the most limiting of the essential plant growth factors .Figure 4 (Left) shows NPK diagnosis map made of
four classes. In the “Low Class” area, at least one of the N, P, and K soil test values is ranked “Low”. In the
“Adequate Class” area, at least one is ranked “Adequate” while the remaining $ “Adequate”. In the “High
Class” area, at least one is ranked “High” while the remaining $ “High” .In the “Excessive Class” area all
the N, P, and K nutrients are ranked “Excessive”. As seen in Fig. 4 (Left) the “Low Class” forms a strip in
south that extends from Abuelmatamir to Komhamada and a separate polygon north Abuhummus. The class
area percents are 30%, 48%, 21%, and 1% for the Low, Adequate, High, and Excessive classes, espectively
(Table 4). Similarly, Fig. 4 (Right) shows an FeMnZn diagnosis map made of four classes. The class area
percents are 31%, 43%, 25%, and 1% for the Low, Adequate, High, and Excessive classes, respectively (Table
4). As seen in Fig. 4 (Right), the “Low Class” forms a strip in south almost similar to that of NPK but
extends North toward Abuhummus in an area lies between Hoshisa, Eldilingat, and Damanhur.

In summary, the present procedure for nutrient diagnosis is based on mathematical criteria (smart quintile
\ natural grouping) that the computer uses to uncover statistical patterns that are inherent in the spatially
interpolated soil test survey data. mathematical criteria (smart quintile \ natural grouping) that the computer
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uses to uncover statistical patterns that are inherent in the spatially interpolated soil test survey data.

Fig. 4: Combined diagnosis maps for NPK and Fe Mn Zn. 

This natural grouping is a reflection for the fact that inherent in the data, the yield-nutrient concentration
response curve. Accordingly, we have developed diagnosis maps for N, P, K, Fe, Mn, and Zn. Each map
consists of four classes: Low, Adequate, High, and Excessive. Nutrient critical levels exist within the “Low
Class” ranges which in support of present diagnosis procedure. Using the principle of limiting factors, the
single nutrient diagnosis maps have been overlaid to derive combined NPK and FeMnZn application response
rating maps. Finally, it should be emphasized that the present diagnosis procedure is dependent upon the soil
test data itself for the definition of classes. It is then the analyst’s responsibility, after classification to attach
meaning to the resulting classes. This procedure is useful only if the classes can be appropriately interpreted.
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