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and unchanged levels of P, K and Mg, not observ-
ing the accumulation of any of these nutrients in the
roots of the inoculated coffee plants. Boneti et al.
(1982) found lower absorption of Zn, Cu, Fe, Mn
and B in inoculated coffee plants, while Gongalves
et al. (1998) reported that leaves of coffee inoculated
with the pathogen did not show changes in N, Ca
and Cu contents, but a decrease in P, Mg, Fe, Mn
and B contents and increase in K and Zn levels. In
this study, we did not identify an explicit association
between the different levels of nematodes infection
with the macronutrients that presented lower levels
than those recommended in Ribeiro et al. (1999), as
occurred in the experimental area with N, P, K and
Na concentrations.

3.3 Correlations Between
Nutrients Content and Spectral Data

The correlation coefficients presented in the
Figure 3 graphs indicate the relationships between
the surface reflectance values of the spectral bands
centered at 475 (blue), 555 (green), 657.5 (red), 710
(red edge) and 805 (near infrared) nm, as well as the
vegetation indices derived from the RapidEye image
(NDVI, NDVI, ,, NDVI, ., VOGRE, SIPI and EVI)
with the nutrient contents analyzed. Figure 3a refers
to the macronutrients (N, P, K, Ca, Mg, S and Na)
and Figure 3b to the micronutrients (B, Cu, Fe, Mn
and Zn).

Figure 3 Correlation
coefficients between
the surface reflec-
tance and vegetation
indices derived from
RapidEye multispec-
tral image and
macro (a) and micro-
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nutrients (b)
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In the graphs, the correlations defined by the
variables that resulted in correlation coefficients
higher than 0.5 or lower than -0.5 meet the level
of significance of 95% (p-value <0.05). Figure 3a
indicates that the correlation coefficients between
the macronutrients and the visible spectral bands
were less expressive than those obtained with the
near infrared band (R, ,) and the vegetation indices.
The correlations for the blue (R,.)), green (R,,,), red
(R, 5) and red edge (R, ) bands do not meet the
level of significance of 95% (p-value <0.05), with
the exception of correlations between K and R
band (0.525), S and R, band (-0.566) and Ca with
the R, ., R, .and R, spectral bands (-0.534, -0.726

and -0.577, respectively).

657.5

Among the original spectral bands, the near
infrared (R, ) showed a higher correlation with at
least four macronutrients: N, P, Ca and Na (-0.619,
-0.513,0.678 and 0.621, respectively). In this wave-
length range, this can be attributed to the greater
sensitivity of the vegetation to nutritional variations
in the leaves, as well as to a better discrimination
between healthy vegetation and those nematode-in-
fected, as reported in Usha et al. (2013).

The vegetation indices showed a higher cor-
relation with three macronutrients: Ca, K and N. Ca
was correlated with all indices, defining the lowest
value for the EVI (0.683) and the highest correla-
tion with the SIPI, reaching -0.767. K presented a
significant correlation with NDVI (-0.538), NDVI, ,
(-0.510) and SIPI (0.585) indices and N was cor-
related with NDVI, , (-0.534) and VOGRE (-0.546).

The only macronutrient that defined an av-
erage concentration above the reference was Mg
(Table 2), although its content showed a lower cor-
relation with any of the spectral indicators evaluated
(band or vegetation index). However, the Ca levels
showed high correlation with all the original bands
and vegetation indices (with a single exception in the
R, band) and this higher correlation registered with
the vegetation index SIPI (-0.767).

Regarding macronutrient contents determined
in the nematode-infected experimental area that were
below the recommended average levels (N, P and K,
Table 2), only K defined a higher correlation, with
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a visible spectrum band centered on R, (0.525).
However, this relationship, as with Ca (0.726), may
also be associated with the chlorotic state in senes-
cent leaves or necrosis in leaf margins, since severe
stress on vegetation caused by foliar dehydration,
for example, usually manifests itself in this spectral

range (Thenkabail ef al., 2012).

Evaluating leaf N levels in corn and wheat ce-
reals, Pohv ef al. (2008) found correlations higher
than 0.9 with NDVI. But in this study, the correla-
tion coefficients obtained between N and K con-
tents in coffee leaves and the normalized vegetation
indexes were negative and did not exceed the value
of -0.54. Particularly in relation to the N content,
the highest correlation obtained was -0.619, with
spectral band R, ..

The correlation coefficient between the mi-
cronutrients and the original RapidEye bands were
higher than the correlations with the vegetation in-
dices (Figure 3b). The R, spectral band showed a
high correlation for three micronutrients: Cu, -0.518,
Mn, -0.622 and Zn, 0.707, and the bands R, , and

R, presented the highest correlation for Fe (-0.638)
and B (0.744).

The significant correlations of Zn, Mn, Fe and
Cu with the band centered in R and the B with

R, is due to the association of these micronutrients
to the photosynthetic process and, therefore, to the
plant chloroplasts, responsible for the spectral char-
acteristics of the effects of absorption and scattering
present in the range of 600 to 800 nm (Jensen, 2008).
The symptoms of the deficiency of these nutrients
are characterized by the chlorosis of the leaves, mak-
ing the pigments sensitive to the electromagnetic ra-
diation of the red edge (Thenkabail et al., 2012). The
B was the only micronutrient that correlated with
vegetation indices with values higher than 0.57.

3.4 Accuracies of the Empirical
Models for Nutrients Content Estimation

Most of the empirical models were generat-
ed from simple regression, with the exception of the
equations defined for the estimation of the nutrients
P, Na and Zn, as shown in Table 3. The red edge band
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(R,,, centered range) was the spectral band that was
present in the largest number of empirical models, it
was present in the estimation of five nutrients: Mg,
S, B, Mn and Zn. Another frequent spectral range in
the models was the near infrared (R, .), contributing

in the estimation of N, P and Na.

805

In addition to suitable indicators for nutrient
estimation, such as N, near-infrared and red-edge
spectral bands (Lepine et al., 2016) have been found
to be appropriate for crop discrimination and insect
detection (Oumar and Mutanga, 2013; Adelabu et
al., 2014), nematodes (Martins and Galo, 2014) and
other pathogens (Usha et al., 2003).

The NDVI, a spectral index classically used
to detect vegetation stress, integrated the empirical
model for estimating Ca (R?*(calibration) = 0.61,
R?*(validation)=0.33, RMSE = 2.08 and %RMSE
= 13.56%). The vegetation index derived from the
ratio of the red-edge and red reflectance (NDVI, ),
composing with the band centered on R, presenfed
good performance in predicting the Zn content (R*(-
calibration) = 0.60, R*(validation) = 0.45, RMSE =

2.84 and %RMSE = 17.52). The EVI, VOGRE and
SIPI, included in the models for estimation of Na, P
and K, respectively, resulted in determination coeffi-
cients below 0.5.

The spectral band centered on R, | (red-edge)
was the only variable included in the adjusted mod-
els for the estimation of the macronutrients Mg and
S and the micronutrients B, Cu, Fe and Mn, all with
determination coefficient less than 0.42. The em-
pirical model for estimation of Fe content defined
a calibration R? equal to 0.41, but had the high-
est validation errors (R?>=0.15, RMSE=73.26 and
%RMSE=45.57%).

Previous studies have already demonstrated
the possibility of estimating the plant nutrient con-
tent from empirical models derived from data ac-
quired by sensors embedded in orbital platforms.
Nutter et al. (2002) evaluated the protein concentra-
tion in a nematode-infected soybean crop by means
of an empirical model derived from the near infrared
spectral band of the ETM+/Landsat 7 system, with a
calibration R? of 0.90. In studies using images with

Nutrient Empirical Model . Re . .Rz. R.MSI.E %BMS.E
(calibration) | (validation) | (validation) (validation)
N 34.5-30.7- Ry, 0.27 0.13 2.08 8.3
P 2.14-261- R, - 0.162:VOGRE 0.36 0.10 0.15 14.75
K -1.23 + 10-SIPI 0.35 0.40 1.82 14.18
Macro Ca 2.51 +21.4-NDVI 0.61 0.33 2.08 13.56
Mg 9.22-395 R, 0.22 0.15 0.73 19.93
S 2.62-6.38'R,,, 0.32 0.24 0.08 4.72
Na 0.095 + 3.08: R, - 0.254-EVI 0.49 0.34 0.18 22.56
B -46,2+0.035 R, 0.19 0.10 8.84 13.37
Cu 456-242-R, 0.17 0.14 3.26 19.20
Micro Fe 238,4-153 R, 0.41 0.15 73.26 45.57
Mn 433-1818-R,,, 0.40 0.33 32.02 18.36
Zn -134 + 895 R, + 91.3:-NDVI,, 0.60 0.45 2.84 17.52

Table 3 Empirical models for the macro and micronutrients estimation. R?is the coefficient of determination of the models calibration

and RMSE and %RMSE are the validation errors.
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less spatial detailing (30 m), the correlations of
empirical models were even higher, as in Noori et
al. (2016) that obtained coefficients of determina-
tion of 0.98 and 0.99 in the estimation of B and K
contents, respectively, from a model that included
the SAVI (Soil Adjusted Vegetation Index) derived
from ALOS AVNIR 2 images with spatial resolu-
tion of 10 m.

In a recent study to evaluate the performance
of the Sentinel-2 MSI spectral bands and vegetation
indices in the empirical estimate of N in coffee leaf,
Chemura et al. (2018) obtained calibration R?values
between 0.24 and 0.57 for the spectral bands and

from 0.28 to 0.66 using the vegetation indeces most
related to the N content. The authors also report that
the combination of optimized bands and vegetation
indices (by means of random forest variable optimi-
zation) produced better results in the modeling of N
content in coffee (R?=0.78).

The validation data allowed expressing the
relationship between the measured (x-axis) and pre-
dicted (y-axis) macro and micronutrient levels in the
coffee leaves, as presented in the plots of Figure 4.
The performance of each model is also presented
through the Root Mean Square Error (RMSE) and
percent error.
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Figure 4 Plots showing the relationship between measured (x-axis) and predicted (y-axis) coffee foliar macronutrients (A) N, (B) P,
(C)K, (D) Ca, (E) Mg, (F) S, (G) Na and micronutrient (H) B, (I) Cu, (J) Fe, (K) Mn and (L) Zn levels
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Among the macronutrients, the empirical
models that presented better performance expressed
by the smallest error of estimation were S (4.72%)
and Ca (8.3%). The largest errors were recorded in
the estimate of Na (22.56%) and Mg (19.93%). In
Oumar et al. (2014), the macronutrient deficiency in
eucalyptus was estimated with a maximum error of
3.7%, based on empirical models derived from the
red edge band of an image taken by the WorldView
2 system, which has greater geometric detail (GSD =
2.4 m) compared with the RapidEye image. Consid-
ering the micronutrients, the empirical models that
presented the smallest error of estimation were those
of B (13.37%) and Fe (17.52%). The highest errors
were reported in the estimation of Mn (18.36%), Cu
(19.20%) and Fe (45.57%).

3.5 Spatial Distribution of the
Nutrients Content in Experimental Area

Figure 5 shows the Choropleth maps of the
nutrient contents generated from empirical models
for the two plots of the experimental area. The spec-
ification of the low, normal and high concentration
ranges (associated to very light brown, light brown
and dark brown, respectively, in the maps) was
based on Ribeiro et al. (1999). The N, P, K, Ca, Mg,
S and Na macronutrients are showed in the maps of
Figures 5a to 5g, while the micronutrients B, Cu, Fe,
Mn and Zn are expressed in maps of Figures Sh to
51, respectively.

The spatial dispersion maps of the macronu-
trient contents indicate that the concentration of N
in the experimental area (Figure 5A) remained at the
ideal levels in the lower plot, but significant areas of
the upper plot showed N deficiency. However, the
greatest nutritional deficiencies were observed for
P and K. The P content (Figure 5B) was below the
recommendation of Ribeiro ef al. (1999) for coffee
trees in practically the entire experimental area. For
the concentration of K (Figure 5C), the areas within
the ideal range were spread along the two plots.

On the other hand, the mapping of Ca and Mg
levels indicated the predominance of high concen-
trations of these macronutrients, and only specific
parts of the two experimental plots presented Ca and
Mg contents above the levels considered adequate
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for coffee. For Ca (Figure 5D), areas with less than
ideal concentration occurred in the upper plot, while
for Mg (Figure 5E) a narrow strip of nutritional de-
ficiency was observed on the left in both plots, but
this deficiency was also verified in a second broad-
er strip, in the lower part of the experimental area.
The dispersion of the S content (Figure 5F) showed
a similar variability in the two plots of the experi-
mental area, with predominance of medium and high
concentrations. However, in the map indicating the
Na dispersion (Figure 5F) deficiency of this nutrient
in the lower plot was observed, maintaining medium
to high concentrations in the upper plot.

The spatial configuration of micronutrient oc-
currence also showed variations among them, as in
the case of macronutrients. The B content (Figure
5H) had a similar spatial dispersion as that of the
macronutrient Na, with a concentration within the
values recommended in the lower plot, but with a
predominance of zones of high concentrations of B
in the upper plot. Above-average nutrient levels pre-
dominated in the maps generated for the Cu (Figure
51) and Mn (Figure 5K), which presented strips of
lower concentration on the left of the experimental
area, mainly in the lower plot. Predominance of high
concentrations occurred also for Fe and Zn. How-
ever, while the Fe content (Figure 5J) defined small
areas with medium and low concentrations of this
nutrient mainly to the left of the experimental area,
for the Zn content (Figure 5L) ideal values were ob-
served in small dispersed areas in the upper plot and
areas concentrated on strips located to the right on
the lower plot.

4 Conclusions

This study was carried out in an area of cof-
fee infected with nematodes in order to evaluate the
potential of empirical models to estimate macro and
micronutrient contents from a multispectral image
RapidEye and showed the feasibility of this estima-
tion for several nutrients with different degrees of
accuracy.

In the exploratory analysis of the data it was
verified that, while the micronutrients defined con-
centrations at or above the reference levels, import-
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Figure 5 Choropleth maps representing the macronutrients contents in g-kg': (A) N, (B) P; (C) K; (D) C; (E) Mg; (F) S and (G) Na, and
micronutrients levels in mg-kg': (H) B; (I) Cu; (J) Fe; (K) Mn and (L) Zn. The legend colors indicate the concentration ranges defined
in Ribeiro et al. (1999) as low (very light brown), medium (light brown) and high (dark brown).
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ant macronutrients, such as N, P, K and Na, pre-
sented concentrations below the values specified by
Ribeiro et al. (1999). On the other hand, although
the experimental area is characterized by a marked
occurrence of nematodes, only the Mg and S mac-
ronutrients and the Cu and Mn micronutrients had a
significant correlation with the nematode concentra-
tion. The absence of a pattern in the relationship be-
tween deficits in the concentration of some nutrients
and the higher levels of infection by the pathogen is
recurrently reported in the literature.

The highest correlations between the nutrient
contents in the coffee and the spectral data derived
from the RapidEye image were obtained for the orig-
inal bands of the red edge (centered in R_ ) and near
infrared (R, ). The classical NDVI vegetation index
showed a highest correlation with the Ca content (R?
=0.775).

The maps indicating the spatial distribution
of Ca, Mg, Cu, Fe, Mn and Zn presented a similar
configuration, evidencing high and almost homoge-
neous concentrations of these nutrients in almost the
entire experimental area. The mapping of Na and B
contents indicated different concentrations of these
nutrients for the two plots that compose the experi-
mental area, while for K and S, this distribution was
more heterogeneous. The N and P maps reflect well
the deficiency of these nutrients in the totality of the
area experienced, mainly in the content of P. Thus,
although the correlations between the nutrient con-
tent of some of the analyzed nutrients and the lev-
el of nematode infection were low and sometimes
contradictory, the empirical models adjusted for the
estimation of most of the nutrients were consistent
with their condition of excessive or deficient con-
centration in the experimental area.

On the other hand, the mapping of the spa-
tial distribution of nutrient concentrations along the
plots of an agricultural crop is a crucial issue in Pre-
cision Agriculture, one of the pillars of sustainable
agricultural production. In this sense, spatial infer-
ence through empirical models and from multispec-
tral images allow the representation of the spatial
heterogeneity of crop needs for the entire field, in a
more agile and cost-effective way.
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