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Abstract

The use of remote sensing methods for monitoring, managing, and decision support in
agriculture is increasingly intensifying. With the advancement of technologies, they become more
accessible, while the quality and security of the obtained data are improving. To improve the quality of
the environment and its preservation, expanding the areas occupied by organic farming will allow us
to achieve these goals. At the same time, this type of agriculture provides healthy and safe food. For
this reason, it is essential to start applying satellite data in organic farming as quickly as possible. In
Part 11 of the "Review of the applications of satellite remote sensing in organic farming," we examine
the various areas of satellite data application in organic farming. Five areas of satellite data
application in organic farming have been identified, including satellite remote sensing monitoring of
weeds, remote sensing of crop stress and irrigation needs, yield forecasting using remote sensing
methods, and remote sensing monitoring of plant nutrition. From the conducted review, we found that
satellite data can significantly support and facilitate the transition to organic farming, adequate
fertilization, application in phytosanitary monitoring of crops, and assessment of crop stress.

Introduction

In the first part of the "Review of the applications of satellite remote sensing
in organic farming,” published in issue 35, we examined the main applications of
remote methods, the use of satellite data, and the potential of uncrewed aerial
vehicles (UAVs) platforms in agriculture, and their possible application in organic
farming. We analyzed publications on the topic published in specialized databases.
Our analysis revealed that the top 25 most cited publications, indexed in CrossRef
and parsed by the Scite_ platform (https://scite.ai accessed on 06.02.2024), were
published by Elsevier, followed by AAAS, Wiley, and MDPI. Further analysis of
the literature on the issue showed that the most cited publications are from 2010,
2011, and 2013, indicating that the interest in satellite data applications in organic
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farming is relatively recent, dating back approximately 14 years. We also analyzed
using the open web tool WordItOut (https://worditout.com accessed on 06.02.2024).
The word cloud mapped 141 words out of 301 unique words. Other commonly
occurring words include "image,” "plant," "vision," "resolution,” "spectral,"
"surface,” and "grain," which more or less reveal the main objectives of the studies
in question.

Materials and methods

This study provides an overview and a comprehensive analysis of articles,
reports, and materials published online in the scientific databases Scopus,
ResearchGate, and Google Scholar. A combination of keywords with logical queries
was used when searching the scientific and specialized database from the beginning
of space remote sensing from the late 1980s to 2021. The main keywords that we
used are: "organic farming" AND "remote sensing”, "organic farming" AND
"satellite data". The results obtained were categorized into five application categories
of satellite data in organic farming. The separated application categories are satellite
remote sensing monitoring of weeds, remote sensing of crop stress and the need for
irrigation, forecasting yields using remote sensing methods, and remote sensing
monitoring of plant nutrition.

Results and discussion

Satellite remote sensing monitoring of weeds

Weed control on organic farms is one of the main problems facing organic
farming. Remote sensing monitoring systems can help overcome the problems
caused by weeds. This can be achieved by integrating drones carrying different
sensors and satellite images that include hyperspectral, multispectral, and RGB in
combination with artificial intelligence, guaranteeing a better result in weed
management [1].

Information on the distribution of weeds in the field is necessary to compile
an assessment map of crops to determine the achievement of their biological
threshold of harmfulness. Perez et al. (2000) [2] propose two approaches to
automatic weed monitoring:

- Rough identification of weeds in the observed areas by remote sensing.

- Fine identification using proximal methods, such as video imaging and
image analysis, should confirm the location and allow the most appropriate local
treatment of the crop to be selected.

A review of the potential of remote sensing techniques for crop protection
suggests that one way to differentiate between weeds and crops is by studying
temporal patterns of plant indices during the growing season [2, 3]. In addition, using
remote sensing methods, only a few species of weeds in different phenophases can
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usually be distinguished. The spectral characteristics of weeds should be taken from
populations in groups of weeds identified shortly before the detection process, as
characteristics are highly variable and depend on the phenophase of weeds or weed
associations [2, 4]. Two approaches are usually used for automatic weed monitoring.
One is to establish geometric differences in leaf litter between crops and weeds
[5-10]. The second approach is based on differences in spectral reflectivity. It is
possible to look for differences in the location of the crop and the weeds in the crop
[2, 11]. Guyer [5] explored the possibility of using leaf shape for plant identification.
The team led by Franz [12] used local spectral characteristics of plant leaves to
distinguish different weeds. Zhang and Chaisattapagon (1995) [13] use machine
vision to identify weeds in wheat fields. They apply three approaches to distinguish
them from cultivated plants: color analysis, shape analysis, and texture analysis. In
the laboratory, they use black-and-white digital images with various color filters.
They found that red and green filters effectively detect reddish stems in some weeds.
Leaf-blade parameters are adequate for distinguishing deciduous weeds from cereal
leaves. Another way to differentiate young crops and weeds is by analyzing the
spectral reflectivity using specific wavelengths ranging from 200 to 2000 nm [14,
15]. We can say that the opportunities offered by RS are significant for weed
management in organic farms, as the use of herbicides is prohibited there.

Remote sensing of crops’ stress and the need for irrigation

The RS provides an excellent opportunity to assess stress, and these methods
are also used to calculate different vegetation indices that estimate different crop
parameters [16-18]. Remote sensing methods in agriculture can be a powerful
technique for visualizing, diagnosing, and quantifying the crop response to stress
caused by abiotic, biotic factors or improper management decisions. In most cases,
stress leads to deviations in plants' pigmentation, which can be used to diagnose
stress in crops using RS methods [19, 20]. The main problem facing conventional
and organic farming is the quantification of crop water consumption and the water
stress they experience. Using satellite-based images and the computational
processing of satellite images is an opportunity to manage water stress on crops in
organic farming [21, 22]. Sharma [23] proposed that the irrigation problem in
organic farms be managed using RS and data processing using a Support Vector
Machine (SVM). Data is stored in computer software sent to SVM to determine the
status of crops on organic farms. The information is sent to the user interface, where
the farmer receives farm information using Google's mobile communication module.
This image-processing method allows farmers to take preventive action to save
crops. Solaiman and Salaheen [22] note that there has been an increase in interest in
using satellite and RS for organic farming, with the primary goal being to establish
the health status of farms. Vroege [24] proposed that RS technologies be used to
compile drought risk assessment maps based on satellite soil moisture data. These
cards are used to limit financial risk for farmers affected by drought.
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Forecasting of yields using remote sensing methods

Crop production is perhaps the most critical information for crop
management in precision agriculture. A big problem is that yield data are obtained
after the season, while issues such as nutrient deficiencies, water stress, or pest
infestation must be managed during the growing season. Images from satellites or
UAVs obtained during the growing season have the potential for post-season and
in-season management. In addition, yield maps composed of images obtained by DM
can be used as an alternative when yield monitor data are unavailable [19, 25].
Because yield does not affect the reflectivity of the crop, it is derived indirectly from
other biophysical parameters of the crop [25, 26]. It was ultimately found that this
relationship can only be explained implicitly by biophysical and biochemical
characteristics, even though it may suggest that the determination of cereal yield
directly from reflection spectra is statistically feasible [26-30]. From RS data,
chlorophyll content (CHL) and leaf area index (LAI) may be accurately determined
and linked to yield [26, 31-33]. In addition, soil mineral nitrogen naturally has a
strong effect on plant development and, thus, on chlorophyll production and leaf
area, so these parameters can be considered indicators of nitrogen uptake in plants
[34]. LAl is one of the most important parameters for describing plant conditions in
agriculture. It can be used, for example, to obtain information on biomass, nutrient
supply, growth stage, and yield assessment [35]. Many studies have been published
on assessing LAI using hyperspectral data from remote sensing [26]. According to
[26], LAl and CHL forecasts from UAV-based hyperspectral data for yield
forecasting are promising.

Remote sensing monitoring of plant nutrition

Efficient food production requires a balance between minimizing
environmental damage and maximizing yields [36]. From the point of view of the
agricultural producer, the most critical economic parameter is the achieved yields.
Generous application of nitrogen fertilizers within legal limits leads to higher costs
without added value in additional yield. In addition, new concepts for monitoring
these effects during vegetative growth allow the development of precision farming
applications specifically designed for efficient N fertilization [37]. RS will support
decision-making regarding plant nutrition in organic farming by collecting and
analyzing data, formulating specific management recommendations, and
implementing management practices to correct factors that limit crop growth,
productivity, and quality [37-41]. Sozzi [42] found that it is most cost-effective to
use the vegetation index NDVI generated from satellite images with medium-
resolution satellite data with good optical properties and high-resolution satellites
with lower optical quality to determine the needs of H fertilization in the fields._In
combination with GIS and using different vegetation indices such as NDVI, remote
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sensing methods make it possible to map different fertilization rates in the field
[37, 43].

Conclusions

In conclusion, it should be said that remote sensing methods can
significantly support and facilitate the transition to organic farming. RS can
adequately manage fertilization in organic agriculture. RS can signal the
phytosanitary state promptly and assess crop stress on organic farms and in weed
management. Using the capabilities of RS, organic farmers can forecast yields,
which helps them to plan their costs and profits better and thus increase the
sustainability of their organic farm. With the help of RS, biodiversity in agriculture
can be monitored. They provide a perfect opportunity to remotely distinguish
biological fields from conventional fields, which can serve state organizations and
certification bodies to control organic farmers to comply with the rules and norms of
organic farming.
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NPUJIOXKEHUE HA CHBTHUIUTE B BUOJIOT'UYHOTO
3EMEJIEJIME
(Yacr 1)

M. Yanes, JI. Qunues

Pe3ome

VYnorpebaTta Ha NUCTAHIIMOHHM METOJU 32 MOHHUTOPUHT, YIPaBJICHUE H
MOATIOMAaraHe Ha B3€MaHETO Ha PELICHUs B 3eMECIUETO ce 3acuiBa Bce noseue. C
Pa3BUTHETO HA TEXHOJIOTHHUTE T€ CTABAT BCE MO-IOCTHITHH, KATO CHIIEBPEMEHHO CE
mo100psiBa KAa4eCTBOTO U CUTYPHOCTTA Ha MoiydeHuTe nanHu. CTpeMelku ce KbM
mooOpsiBaHe Ha KauyeCTBOTO HAa OKOJHATA Cpella M HEHHOTO OIa3BaHE pasIIupsi-
BAaHETO HA 3aCTUTE IUIOIIHA C OPTAaHUYIHO 3E€MECIIHUE III¢ HH MTO3BOJIH Ja MMOCTHTHEM
Te3u 1el. ChIeBPEMEHHO C TOBA TO3H THIT 3eMEIEINE TPEIOCTaBS 3IPABOCIOBHU H
Oe3omacHu xpaHu. VIMEHHO mToOpaau Ta3ud MPUYMHA € OT TOJIAMO 3HAYCHUC
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MaKCHMAaJTHO OBP30 J1a ce 3al0YHe C IpHIaraHe Ha CaTeJIMTHH JaHHU IIPU OpraHuy-
Hoto 3emenenue. B wact Il Ha ,,Review of the applications of satellite remote sensing
in organic farming® pasrimexmame pa3nHYHUTE OOJNACTH Ha MPHIOKEHHE Ha
CaTeJMTHUTE JaHHH B OPraHWYHOTO 3emezenvie. OTHENCHH ca TeT pa3IHyHH
00JIacTH Ha MPHUJIOKEHUE HA CATEIIMTHUTE JTAaHHU B OPTAaHUYHOTO 3eMeieNTue, KOUTO
ca: caTeJMTeH MOHUTOPUHT Ha IJICBEJIUTE, JUCTAHIIMOHHO HAOIIOJCHUE HA CTpeca
Ha KYyJITypuUTe U HEOOXOJMMOCTTa OT HAlOsIBaHE, MPOTHO3UpaHE Ha JOOWUBUTE C
MOMOIIITa Ha AUCTAHIIMOHHH METOH, TUCTAHIIMOHEH MOHUTOPHHT Ha XPaHEHETO Ha
pactenusita. OT HampaBeHUs TPETIIE] YCTAHOBUXME, Y€ CATEIIUTHUTE JaHHU MOTaT
3HAYHTEITHO JIa TIOJIIOMOTHAT M YJIECHST Mpexojia KbM OUOJIOTHYHO 3eMeieine, 1a
ce W3BBpUIBA aJEKBATHO TOpEHE, HaMupa NPWIOKEHHE NpH (HUTOCAHUTAPHUS
MOHUTOPHUHI HA ITIOCEBUTE U OLICHKA Ha CTPECaA, KOMTO M3MUTBAT KYJITYpHUTE.
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