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Abstract

The main aim of this study was to work out a satellite-imagery based approach that can be used to improve
agricultural crop growing on a bigger-scale and on field level. Instead of working on small experimental
fields, various vast farms have been selected, which were ready to cooperate for this study. Especially
for the dry south of Ukraine, vegetation and soil indices provide useful information to improve crop
development and productivity. However, many index variants produce similar results or unclear structures;
therefore, their information content is restricted under practical conditions. The results analysis shows that
a few indices are sufficient to regularly monitor irrigated fields. Talks with farmers revealed that advice is
mainly needed to secure crop growth, leading to the decision to firstly select the indices NDVI and/or EVIL.
To detect failures in an early stage, we additionally used DIRT, NDRE, LAI, NMDI and OSAVI. NMDI could
also be used to monitor irrigation activities. This article provides examples illuminating the implemented
methodology.
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distances between them (up to 156 km straight line)
were too big for regular field monitoring. This is
however important as climatic conditions (Weather

Introduction

Satellite imagery is increasingly used to optimize

agricultural production (De Solan et al., 2012).
Since the launch of the first Landsat satellite
in 1972, agricultural monitoring has been
implemented and improved worldwide (USGS,
2017). The aim of those activities was related
to providing information on global or countrywide
crop production, agricultural water use (irrigation),
state statistic services and so far. On a smaller
scale, satellite imagery was used for consulting
of private farmers. Benedetti and Rossini (1993)
selected NDVI and a regression model to predict
best crop yield while other authors preferred PVI
in combination with a Neural Network model for
crop yield forecast (Panda et al., 2010).

The focus of this paper was not only on monitoring
of crop growth but also the determination
and optimization of some influential factors
on field level while providing an overview on big
agricultural areas. In our investigation area, located
in south Ukraine, the number of fields and maximal

Online, 2017; FAO, 2017) require the application
ofiirrigation (Frenken and Gillet, 2012; Bastiaanssen
et al.,, 2000) and appropriate investments in its
infrastructure and energy consumption (Duran
etal., 2014). Facing a big number of different crops,
aswell as various types of available satellite imagery
and modeling software, it becomes challenging
to think of the best management approach while
taking into account farmers requirements (De
Solan et al., 2012). The data flow has to be quick
and frequent enough to support precision agriculture
and, as far as possible, irrigation management.
We therefore used three different satellites facing
the disadvantage that the singular bands’ radiation
spectra and resolutions are not identical (Congedo
2016), but fortunately results of index calculation
differ only slightly (Mandanici and Bitelli, 2016).
Because of the big distances between the fields,
the images covered only smaller parts of the study
area at different times. In addition, soil and weather




conditions were often different, even if fields were
not far from each other, like a few hundred meters.

The objective of this work was to assess various
vegetation indices, besides the commonly used
Normalized Difference Vegetation Index (NDVI),
to clarify reasons of reduced or uneven growth
as can be caused for example by weeds, and,
if possible, to take countermeasures. It was
preferable to provide such information visually
and/or enable calculation and assessment
of boundary conditions that might be necessary
to be changed to optimize crop growth. Results must
be applicable in spite of strong differences between
the most important crop types in terms of sowing
date, growth forms, growth speed and state before
harvest. We therefore put efforts on answering those
questions as far as possible and provide advices
for future improvements, determine irrigation need
and, eventually, expected crop yield.

Taking into account all these circumstances,
the challenge was to get as much as possible
information out of the combined use of satellite
imagery even under unfavorable preconditions,
to detect and overcome the shortcomings
and to use it for applied agricultural purposes. Last,
not least, consulting costs-performance ratio had
to be attractive for farmers with respect
to the overall agricultural profitability.

Source: own processing

Materials and methods

Study area and investigation period

In this study, the research team closely cooperated
with individual growers and technical staff
of large farms. Five farms were chosen for the study
with more than 240 fields and a size per field
0f'50-100 ha in the region of Kherson and Zaporizhia
Oblast (province) in south Ukraine (Figure 1). They
are largely flat, only a few fields are uneven showing
heights differences (depressions) of up to 4 m.
The climate is rather dry with precipitations
of 300-450 mm per year and often-violent
thunderstorms in summer (FAO, 2017).

Imagery conversion and evaluations were
performed occasionally in 2013, monthly in 2016
and 2017 during the winter months and as often
as possible, about three to five times per month,
during the vegetation period.

Data sources

In order to reduce costs, only free of charge satellite
imagery was used. The selected satellites were
Landsat 8 OLI/TIRS (further abbreviated Ls8),
in a few cases Landsat7 ETM+ (Ls7)
and the European satellite Sentinel 2a (S2a).
The sensors, carried by these satellites, are
described in (NASA and USGS, 2017; ESA, 2017;

Figure 1. Location of farms in south Ukraine; distance Askanivska — Romashky straight line
about 150km.




Wang et al., 2017). The images are composed
of series of bands covering defined sections
of the visible and infra-red electromagnetic
spectrum of solar radiation; they are available
with sufficient resolution (Ls8: 30 and 100m
per pixel; S2a: 10, 20 and 60m) depending
on the layer (band number). Further details
about selection and download are available
on several websites (USGS, 2017). For selection
and download, the open source software
(QGIS v. 2.18.15) together with the plugin
“Semi-automatic Classification Plugin” (SCP,
version 5.3.10) (Congedo, 2017) was used.
For technical reasons since May 2017, Ls8 images
could only be downloaded from the Earthexplorer
website (USGS websites, 2017). Since September
2017, Landsat Surface Reflectance High Level
Data Products were additionally available
on demand including a selection of seven spectral
indices and temperature; (for details see ESPA,
2017). To detect topographical unevenness Google
Earth Pro, version 7.3.0.3832 was used first,
and besides, results of the Shuttle Radar
Topographic Mission (SRTM) (CGIAR-CSI,
2017) to prepare a digital elevation model (DEM)
and calculate possible ditch courses using the
modeling software AVSWATx (Arnold et al. 1998).

Data pre-processing

In addition to the SCP, a second QGIS plugin,
“RS&GIS-17”, version 0.4 (Barane and Dwarakish,
2017) was used for data processing. Both plugins
support various file types of satellite bands, clipping
to smaller areas and their conversion from DN
files to radiance and top of atmosphere reflectance
being required to calculate spectral indices, albedo
and temperature. For atmospheric correction, SCP
uses the Dark Object Subtraction 1 (DOS 1) method
(Chavez, 1996). When clouds and/or their shadows
were visible, they have been masked with the QGIS
plugin Cloud Masking (Corredor-Llano, 2017)
and excluded from statistical raster calculation.
Fields, covered by clouds and/or cloud shadows
by more than about half, have been completely
removed from the analysis. RS&GIS-17 can use
compressed Landsat files as provided for download
and provides the possibility to account for clouds
and cirrus. Results obtained when using the two
plugins and the high level data products differ only
slightly but it is not necessary to consider them
in practice when comparing results, as other
impacts can play a much bigger role. (For more
detailed comparative studies, see Mandanici
and Bitelli, 2016; Congedo, 2016). In addition,
ENVI, software version 5.4, was occasionally used

for in-depth analysis of scatter plots.

For our study, NDVI has always been calculated
first as main index for comparison of crop fields.
Thereafter, a broader spectrum of indices was
selected to test their usefulness with respect
to quite different crop types and growth problems,
and to enhance interpretation of results:

- Difference Index with Red Threshold (DIRT)
- Enhanced Vegetation Index (EVI)
- Leaf Area Index (LAI)

- Normalized Multi-band Drought Index
(NMDI)

- Normalized Difference Red Edge Index
(NDRE)

- Optimized Soil Adjusted Vegetation Index
(OSAVI)

These indices are not further described here because
a big number of related publications is already
available. Indices, selected for in-depth studies, and
used calculation methods are listed in the Table 1.
Results are visualized as colored raster,
but for further assessments and comparisons,
statistical parametersforeachsingularfieldandculture
were additionally calculated. In many cases,
the various pixel values are not evenly and
not normally distributed within singular fields
and accordingly non-parametric statistics had to be
applied. For our work, the 50-percentile (median)
has been calculated (using QGIS zonal statistics)
and the Spearman rank correlation coefficient
to determine the relation between various indices.
The interrelation between indices was visualized
as scatterplots using the QGIS plugin Raster
Best Fit Scatterplot (Brom, 2015), ENVI v.5.4
and the MS windows program Statistica 8.

Results and discussion

Visualization of irregular crop growth

The prevalent vegetation index NDVI was regularly
determined using Ls8, Ls7 and S2a imagery.
For the diagram (Figure 2), four obviously well
growing maize fields, located in the Askanivska
complex, were selected; unusable image sections
(fields) with clouds or cloud shadows were masked
out and only typical time series curves were
obtained.




{C1=6.0 ; C2=7.5 ; L=1}

Index Formula Reference

DIRT np. sign( B — band4) * (band5 — band4) / (band5+ band4)  {=0.12} Langner et al., 2016
{bands provided by Landsat 8§ OLI/TIRS}

EVI band3 * (band5 — band4) / (band5 + C1*band4 - C2*band2+ L) Matsushita et al., 2007

{bands provided by Landsat 8 OLI/TIRS}

LAI 3.618*EVI- 0.118

Goswami et al., 2015

NDVI (band5-band4)/(band5+band4)

{bands provided by Landsat 8 OLI/TIRS}

Meera Gandhi et al., 2015

{bands provided by Sentinel 2a }

NMDI band8A- (band11-band12) / band8A + (band11- rband12)

Wang and Qu, 2007

NDRE (band8 — band6)/(band8 + band6)
{bands provided by Sentinel 2a }

Tilling et al., 2007

OSAVI 1.16 * (band5 — band4) / (band5 + band4 + 0.16)
{bands provided by Landsat 8 OLI/TIRS}

Rondeaux et al., 1996

Source: own processing

Table 1. List of used indices and band calculation formulas; abbreviations: B — blue, G — green, R — red, NIR — near-infrared.
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Figure 2: Result of NDVI monitoring (50-percentiles) of four
maize fields, days of irrigation excluded.

As monitoring showed, NDVI pixels are not evenly
distributed over the farm fields because of man-
made influences and also natural irregularities.
This implies technical and irrigation management
problems on the one hand and variability of soil
quality, weather conditions, topography etc.
on the other. The detection of problems
onthehuge farmareas using satellite imagery is quick
and favorable and can have an advantage for better
crop yields as shown in figures 3-5, illustrated
herein as typical examples.

In figure 3, we found that irregular growth was due
to a lack of optimal operation of a Fregat sprinkler
machine (Fregat, 2018) on soy fields in the Wisokoje
complex. As can be seen, the water distribution was
partly defective or at least inadequate. To assess
these irregularities, singular pixel values have
been identified for further analysis. The sprinkler

machine was controlled and had to be repaired.

Source: own processing

Figure 3: Soy fields with indication of the 50-percentil of NDVI
in blue, (Ls8 imagery from August 9, 2016); a) regular crop
growth, b): irregular growth; figures indicate singular NDVT pixel
values.

Figure 4 shows growth differences caused
by topographical unevenness on a field
of the Wiskoje complex, (a) shown with Google
Earth Pro, and (b), by using a DEM based
on SRTM data. According to Fournier (1967), cited
in Roose, (1996) rain can cause erosion even
on gentle slopes (like 2%). Moreover, soil
characteristics are changed and crop growth
altered. In our study (also Wiskoje, in 2017), we
found ditches with bank slopes up to 4%; they drain
neighboring fields and can change their productivity.
The yields (weights) of soybean grains on two fields
neighboring such a ditch were 6% resp. 11% higher
than on the two higher adjacent fields.

Another, more frequent problem is the growth
of weeds or other irregularities as visible
on Figure 5. For this purpose, Langner et al. (2016)
have proposed to calculate DIRT that should indicate
the dispersion of weed on mulched fields.

Besides, the wvarious types of crop growth




Source: own processing

Figure 4: Irregular crop growth caused by erosion in the field; a): visualization of an overgrown water ditch,
(top view and cross-section by Google Earth); b): DEM (pixel size 90m) of the same field and ditch course.

Source: own processing

Figure 5: Unidentified irregularities as shown by a photo (a) and by DIRT (b), Ls8 imagery, June 9, 2017;
Wisokoje.

and crop-similar weeds can cause uncertainties.
Therefore, the results are considered only as hint
on a noticeable deviation from vegetative growth
standard (less clearly shown by NDVI). However,
in modern agriculture weed is mostly suppressed
by herbicides. For regular monitoring and reliable
interpretation DIRT maps require additional
experts’ surveying on-site.

Another reason for growth irregularities appears
when chemicals are distributed unevenly on the
field. Figure 6a shows green-yellow stripes across
a maize field; they appeared on the Starolukianivka
complex in August 2017. Figure 6b and 6¢ show
S2a images, used for NDVI and NDRE calculation,
one day earlier.

As can be seen, the NDRE raster (Figure 6c¢) is
significantly more suitable than the NDVI raster
(Figure 6b) to detect these anomalies in spite
of the fact that the scatterplot (Figure 6d) shows
a good correlation between the two indices.

The reasons for the yellow stripes can be
manifold and require analyses that are more
detailed. A first field visit did not give any
hints on parasite effects. In comparison
with unaffected plants, affected ones showed
brightening and growth impairment. In many
cases, a deficit of certain plant nutrients because
of uneven distribution of azote or other fertilizers
can cause yellowing and growth reduction,
as more precisely documented in special manuals
as for example in the “Corn Diagnostic Guide”
(Iowa State University, 2017). The so far shown

imagery demonstrates that various typical
agricultural —shortcomings can be detected
providing the opportunity for  taking
countermeasures.




Source: own processing ( a) Photography taken from helicopter (on August 15, 2017, Starolukjanivka),
b) NDVI), ¢) NDRE, yellow color showing growth reduction, d) d) NDRE(y)-NDVI(x) scatterplot

(print screen)

Figure 6. a) Growth disturbance as seen from helicopter, b) and ¢) NDVI raster and NDRE raster of the same
field one day earlier, (d) NDRE — NDVI scatterplot, (based on b) and c)).

Rough assessments of soil moisture and crop
yield

The following evaluations have provided
additional insights being relevant for agricultural
consulting. At the beginning of the vegetation
period, uncovered soil and vegetation are mixed
and NDVI allows only a semi-quantitative
assessment. Later in the year, depending
on the crop type, NDVI reaches a saturation plateau
(at values > 0.6) and can lead to an underestimation
of biomass and possible yield (Gu et al., 2013).
Various different alternative indices have been
described in the literature to overcome this
disadvantage: a. 0. ENDVI (Sentek Systems, 2015),
OSAVI (Rondeaux et al., 1996), PVI (Bannari
et al., 1995), SAVI (Huete, 1988), RDVI (Roujean
and Breon, 1995); but the suitability of those indices
depends very much on the crop type, growth state,
soil cover degree and other parameters that can
change from field to field. We therefore also tested
and finally preferred the OSAVI and determined
NDVI, (n=15 in 2016, n=11 in 2017,) in parallel
as shown in figure 7. In the range of OSAVI medians
between 0.6 and 0.7, crop growth assessment
must take into account an underestimate of NDVI

by about 0.2 for a mixture of different fields
(Wisokoje complex between May 25 and August
12, 2017).
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Figure 7. Relation between 50-percentils of OSAVI and NDVI
for various crop fields.

As crop growth is strongly dependent on soil
moisture we also made attempts to asses this impact
calculating moisture indices such as MI (Dupigny-
Giroux and Lewis, 1999), NMI (Pandolfo




et al.,, 2017), NDMI (IDB, 2017), SMI (Hogg
et al., 2013; Poti¢ et al., 2017), MSI (IDB, 2017)
and WDI (Sanchez et al., 2016). However,
in case of dense crop growth, the result is, above
all, related to moisture contained in the leaf
internal structures. Soil moisture in the root zone
or at least on the soil surface is not or not sufficiently
indicated e.g. to support decision making
for irrigation management; instead, special sensors
can better determine it in situ. As replacement
solution, the NMDI was additionally tested.
It shows notably dry condition for vegetation when
pixel values are < 0.6 and notably dry condition
of bare soils with pixels > 0.75, while intermediate
pixel values appear to be less meaningful (Wang
and QU, 2007). Figure 8a shows a NMDI map
as of May 24, 2017, located in the Wisokoje
complex at the beginning of the irrigation period.
The dark blue triangles show the start of sprinkler

Source: own processing

irrigation. Strong droughts are not usual at this time
of the year, and during the vegetation period,
droughts are combatted in time by applying
irrigation. Figure 8b shows the relation of NDVI
and NMDI in the form of a scatterplot where
dark blue pixels are related to the blue pixels
in the NMDI raster. Following, one can resume
that NMDI, under certain conditions (as mentioned
earlier), can indicate strong drought, but can also be
useful to supervise the irrigation progress.

Besides soil moisture, farmers are especially
interested in expected harvest of different cultures
e.g. in terms of biomass. RS imagery can only
provide vegetation indices like NDVI or EVI that
correlate with the “Leaf Area Index” (LAI) (Wang
et al., 2005). As shown in Figure 9, this relation is
strongly influenced by the growth form of different
crop cultures.

Figure 8. a) Example of a NMDI raster; green -winter wheat, yellow and brown -soy and partly weed
at different early growth stages b) NMDI-NDVI scatterplot; grey and black colors show cloud and cloud
shadow pixels, blue irrigated sectors as visible in a).

Source: own processing

Figure 9. LAI-NDVI regression (50-percentils of different crops, near
Wisokoje), Sept. 9, 2013.




According to Goswami et al. (2015),
the magnitude of biomass can then be assessed
by the formula

Biomass = 38.6*LAI —21.2

Based on these results, the question was posed
if merely NDVI can provide a rough hint
on the expected harvest of singular crops
as was reported earlier by Benedetti and Rossini
(1993). As an example, we selected the weight
of soybean grains (not the total plant biomass) that
the Wisokoje farm  harvested in 2017
from 34 different fields. The NDVI medians
were analyzed at the time of maximal crop
growth (July 2017), then averaged and compared
with the soybean weights. The average grain
yield (in tons/ha) showed up to correlate well
with the maximal NDVI median averages
(r*= 0.88; p = 0.05; n = 34). These first results,
as shown in figure 10, show this rough relationship
but the investigation needs to be continued
to get more specific input data for various cultures
and evaluations in the future.
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Figure 9. LAI-NDVI regression (50-percentils of different crops,
near Wisokoje), Sept. 9, 2013.

Conclusion

The work described here is mainly practice
oriented, thought to help making daily fieldwork
more efficient and increase agricultural productivity
in cooperation with big farms. As to our knowledge,
such an approach was not reported before
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in Ukraine. The challenge was to include vast field
complexes being under different growth conditions.
When firstly monitoring NDVI, irregular or unclear
structures became quite often visible. Possible
reasons could be limited by mapping several other
vegetation indices and thus, improved crop growth
could be achieved. For this purpose, vegetation
index medians were calculated to assess crop growth
more accurately for each singular field and to ease
comparisons between fields. In case of uneven
or insufficient crop growth, further indices were
used, e. g. to reduce the influence of uncovered soil
on the map (OSAVI), puddles or excess moisture
(NMDI). Terrain unevenness, leading to water
accumulation and humidity, were simply shown
by a DEM and slope calculations (Google Earth).
Further disturbances appeared when fertilizers
were distributed unevenly. Thereupon, crop growth
was impaired, best visible on a NDRE raster.

Farmers’ request on potential crop yields was
answered approximately and, for the time being,
only for expected soybean yields. Our results have
shown that a rough estimation of the grain weights
is possible when taking into account the mean
NDVI-medians at the time of maximal crop growth.
During the vegetation period, satellite imagery
was not used to calculate the evaporation balance
as needed for irrigation planning; instead, we
created a new irrigation model (“GIS-Poliv”, 2018),
but this will be validated only in further research
and was therefore not reported here.
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