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Abstract

The changes in spectral behavior of plants against chemical effects were investigated by using
remote sensing and its terrestrial spectral data, in this study. Sugar beet plant was selected
as test plants. The study area was split into 3 sections for the sugar beet plant and three
different phosphorus fertilization were treated to these sections (300 kg P ha*, 150 kg P ha* and
0 kg P ha). Terrestrial spectral measurements were carried out on the leaves of the sugar beets,
after the development of them. The reflectance values obtained by terrestrial spectral measurement
data were used as an end member in order to run spectral classification and Sentinel 2A satellite
image was used for spectral classification. Vegetation indices also were produced in order to
support the spectral classification results. As a result of the study, remote sensing and its terrestrial
components' usability have been shown in order to prevent wrong fertilization, to increase product
yield, to protect the health of the plant and soil.
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INTRODUCTION

Remote sensing basically means that the information of an object is obtained without direct
contact to that object. The science of remote sensing has also shown great improvement since the
1800s (Gibson, 2000). In addition, today there are many free satellite images available for remote
sensing and it provides speed, practicality, and convenience in accessing the information (Giirsoy
et. al., 2017; Giirsoy & Atun, 2019a; Canbaz et. al., 2018). Nowadays, the use of remote sensing
has increased and the usage areas have varied with the developing technology. One of these areas
is agricultural applications. Thanks to remote sensing, it has been possible to perform applications
such as tracing, irrigation, fertilization, and product health quickly and effectively (Ramoelo et.
al., 2015; He et al., 2016; Birdal et al., 2017).

There are many studies on agriculture by using remote sensing in today. In the study
conducted by Ozelkan et al. (2015), the vineyard areas in the Trakya region in Turkey were
investigated by remote sensing and geographical information systems. In this context, using the
remote sensing and GIS, the vineyard areas in the area of Trakya region, Tekirdag and Tekirdag
Department of Viticulture Research Station were examined. The geographical location of the
existing vineyard was determined by satellite image for this purpose. In addition, water stress and
photosynthesis conditions of plants were investigated with the help of terrestrial hyperspectral
remote sensing techniques and the most suitable areas for viticulture were evaluated in a GIS
environment by considering various criteria.

The study carried out in 2017 by Giirsoy et al, it was treated various doses of cadmium and
zinc to sugar beet plants grown in a greenhouse environment. Zinc was applied as 0 and 5.0 mg
Zn | kg doses and cadmium doses were treated 0, 2.5, 5.0 and 10.0 mg Cd / kg (CuSO4). As a
result of the study, the wavelength ranges in which the spectral signatures change in the
electromagnetic spectrum according to the doses and the elements applied to the plants were
determined.

The study conducted Yousfi et al. in 2016, wheat and bread wheat in different irrigation
conditions of vegetation indices and canopy temperatures were compared to different
methodological approaches. The plants were periodically observed for two years, the
spectrophotometry of the plants was examined and the images were taken with traditional cameras.
Canopy temperatures were measured between 12.00 and 14.00 at noon simultaneously with
spectroradiometer measurements. The GA, GGA and NDVI vegetation indices were produced to
investigate the status of plants. The GA and GGA vegetation indices were calculated by the images
taken from the camera. NDVI index was calculated by reflectance obtained from
spectroradiometer. As a result of the study, the vegetation indices obtained by traditional cameras
(GA, GGA) showed a significant correlation with the NDVI calculated by the reflectance obtained
by the spectroradiometer.

In this study, unlike the experiments conducted in the literature, plants treated differently
doses of fertilization were classified by spectral classification algorithms by using remote sensing
and its terrestrial spectral components. Subsequently, different vegetation indices were utilized in
order to support the classification results and the relationships between these indices were
examined. As a result, differences in the amount of fertilizer in plants could be detected by remote
sensing and its terrestrial spectral components.
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MATERIAL and METHODS

The study was conducted field conditions in Sivas city of Ulas region where located in the
middle of Turkey (Figure 1). The study was carried out in 2017. Sugar beet which is very important
for the regional economy has been selected as the test plant.
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Figure 1.Study Area

Physical and chemical properties of soil structure were investigated before planting sugar
beet seed (Table 1). The research was carried out in field conditions with randomized blocks as 3
replicates. The study area was divided into 3 zones and 300 kg P ha™* and 150 kg P ha* phosphorus
were applied to the north and middle of the region respectively. Phosphorus fertilizers weren't
applied to the south of the study area. Phosphorus fertilizers were given as triple superphosphate
with planting. Valentina type sugar beet seed was sown in the field after these operations.
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Table 1. Physical and Chemical Properties of Soil Structure (Giirsoy & Atun, 2019b)

Soil Property Depth (0-30 cm)
pH (H20) 7.42
Lime (%) 14.30
Salt (dS m?) 0.41
Organic Matter (%) 1.30
Texture CL
Total N (%) 0.10
Available P (kg ha?) 53.50
Auvailable K (kg ha) 948.10

After the plants mature, spectroradiometer measurements were performed in order to get
reflectance values for each phosphorus group’s sugar beets. The spectroradiometer measurements
were made in order to obtain reference spectra to be used spectral classification. The measurements
were carried out by Field Spec Pro 4 High - Res, which was able to measure between 350 and 2500
nm from ASD. Subsequently, these average reflectance values belonging to each phosphorus
group were resampled to the band intervals of the Sentinel 2A satellite to obtain the end members
to be used in the spectral classification (Table 2).

Table 2. Reflectance Resampled to Sentinel 2A Band Intervals

Wavelength Mean Mean 1 Mean
(nanometer) 300 kg P hat 50 kg P ha! 0 kg P hat
(micrometer) (micrometer) (micrometer)

443 0.040715 0.037593 0.019891
490 0.047850 0.045520 0.024314
560 0.095054 0.099328 0.055483
665 0.047529 0.043044 0.021635
705 0.136481 0.141598 0.083516
740 0.572003 0.604650 0.416171
783 0.730212 0.754632 0.532130
842 0.738143 0.760215 0.539149
865 0.740174 0.761540 0.541672
945 0.657524 0.683436 0.474532
1375 0.280079 0.281595 0.130788
1610 0.191399 0.186920 0.093105
2190 0.078668 0.069800 0.031734

It is necessary to make an atmospheric correction in order to reduce atmospheric, sensor
and topography errors before making classification in satellite images (Canbaz et. al., 2017,
Giirsoy & Kaya, 2016). Sentinel 2A, the satellite image used in the study, was provided free of
charge from ESA. The image was prepared for classification by applying atmospheric correction.
After the process of atmospheric correction, the resampled reflectance was used as an end member
to run spectral classification.
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Matched filtering, one of the most frequently used algorithm in classification has been
chosen as a spectral classification algorithm. The matched filtering has been derived to remove the
signal to noise ratio of a disturbed signal by noise. This algorithm is also used as the best method
for detecting primary users of the transmitted signal is known (Harsanyi & Chang, 1994; Giirsoy
& Atun, 2018; Giirsoy et. al., 2017).

Various vegetation indices were also used in order to support the result of the classification
study. The indices were generated using spectral reflectance differences of the Sentinel 2A
satellite. Vegetation indices used in the study were NDVI, Cigreen and Clrededge.

The most common vegetation index for determining plant status and vegetation is NDVI.
In the NDVI index, the near infrared and red regions of the electromagnetic spectrum are used.
The red and near-infrared region is a region sensitive to plants and dense vegetation (Rouse et. al.,
1974; Welmann et. al., 2018; Gandhi et. al., 2015). It was produced to detect different phosphorus
doses, in the scope of the study.

Green and near-infrared regions of the spectrum are used in Clgreen, which is called the
green chlorophyll index (Clevers & Gitelson, 2013; Peng et. al., 2011). Clgreen was also used to
display phosphorus fertilization at different doses in sugar beet.

The red region of the spectrum is utilized to generate the Clred-edge index used to estimate
the amount of fertilizer and chlorophyll in plants (Clevers & Kooistra, 2012; Vina et. al., 2011). It
was also utilized to monitor phosphorus fertilization at different doses in sugar beet plants.

RESULTS and DISCUSSION

As a result of the spectroradiometer measurements made in the leaves of sugar beet, the
plants with the least reflectance were found to have no phosphorus applied plants. The sugar beet
applied at 150 kg P ha kg dose was the highest reflectance in most regions of the electromagnetic
spectrum. In addition, increasing the application of phosphorus (300 kg P ha™®) reduced reflection
by comparison to 150 kg treated plants (Figure 2).
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Figure 2. Mean Reflectance Values Belonging To Each Phosphorus Group
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Spectral classification was performed by using the reflectance values obtained from the
spectroradiometer. Sugar beet plants with different amounts of phosphorus applied were detected,
with the spectral classification (Figure 3).
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Figure 3. Spectral Classification Results of Matched Filtering. a) 0 kg P ha™* kg Phosphorus
Fertilizer Sugar Beets b) 150 kg P ha* kg Phosphorus Fertilizer Sugar Beets c) 300 kg P ha* kg
Phosphorus Fertilizer Sugar Beets

As a result of the spectral classification, it is determined that some of the classified pixels
are in non-own classes. The reason for this is that the farmer applied fertilizer to the entire area of
the study field in the year prior to the start of the study. In addition, different amounts of
phosphorus applied parcels are adjacent to each other in this study. Thus, phosphorus fertilizers
applied in different amounts interacted with each other in the soil and the other control group also
affected the sugar beet plants. This is another factor that negatively affects the outcome of the
classification.

Vegetation index results showed that the index values of sugar beets that did not receive
phosphorus were low. Thus, these plants could be easily distinguished from fertilized sugar beets
plants. In addition, it is seen that the index values of the edge pixels of some areas where
phosphorus fertilization was applied in the vegetation index maps were low. It was concluded that
the phosphorus fertilizer did not penetrate sufficiently to the areas remaining at the endpoints of
the study area and that the sugar beet plants were deprived of the fertilizer (Figure 4).

In addition, the correlation between vegetation indices was investigated. It was concluded
that there was a high linear correlation between them (Figure 5).
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Figure 4. Vegetation Indices. a) NDVI Result b) Clgreen Result ¢) Clrededge Result
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Figure 5. Correlations between Vegetation Indices. a) Correlation between NDVI and Clrededge
b) Correlation between NDVI and Clgreen c) Correlation between Clrededge and Clgreen

CONCLUSIONS

As a result of the study, it has been shown that plants exposed to different amounts of
fertilization doses could be detected by remote sensing and its terrestrial spectral components. It
is thought that wrong fertilization could be prevented by applying the study to other agricultural
lands. In addition, the effectiveness of Sentinel 2A in agricultural applications has also been
demonstrated. However, it should be noted that the 10-meter spatial resolution of Sentinel 2A
significantly affects the classification accuracy. It is thought that using a higher resolution satellite
image or a multispectral aerial photograph will improve the accuracy. Besides, separating parcels
with different amounts of fertilization, leaving more than one pixel in size, or carrying out the
work in separate parcels will increase the accuracy of classification.
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