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ABSTRACT: Horticulture has emerged out as one of the potential agricultural enterprises in accelerating
the economic growth. Its role in country's food and nutritional security, poverty alleviation and
employment generation programmes is very crucial. Fruit crops are imperative part with its maximum
production share in horticultural sector. These crops being capital as well as labour intensive, it is a wise
step to use modern technologies for the development of fruit orchards and its true production potential.
Remote sensing is a modern tool that can be an effective technology for site specific crop management in
present time. Remote sensing is the process of acquiring data or information about objects or substances
not in direct contact with the sensor by gathering its inputs using electromagnetic radiation that emanate
from the targets of interest. These involves sensing and recording reflected or emitted energy and
processing, analysing and applying that information for interpretations. Remote sensing can provide
pivotal database for predicting important parameters using various models and tools which can be helpful
to maintain potential yield of fruit crops. Careful consideration of sensors, platforms, vegetation indices,
models and many other technicalities can make application of RS in fruit crops more effective and reliable.
Here, an attempt has been made to address the gap in the use of remote sensing in Indian fruit farming and
to offer potential solutions.

Keywords: Crop classification, crop identification, diseases detection, insect-pest infestation estimation, nutrient
content estimation, UAV based RS-GIS, vegetation indices, yield estimation.

INTRODUCTION

India is an agricultural country and about 70% of
population directly depends on agriculture sector for
their livelihood. Indian agriculture has tremendous
19.90% share in country’s GDP. Furthermore, with
34.04% share in Indian agricultural GDP, horticulture
sector shows its dominance and importance in Indian
agriculture. Out of total arable land in India, 17% i.e.,
27.20 million ha is occupied by horticultural crops
which has 329.86 million tonnes production.
Horticulture production boost up 2.05% higher than last
year while, 8.50% higher in comparison to last five
years (Champaneri et al., 2020). Among horticultural
production, fruit crops have gigantic 31% production
share in total horticultural produce. India is the second
largest producer of fruit crops at global level with
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11.38% share in world fruit production. Fruit crop helps
to earn Rs. 4,971.22 crores and 3,887.83 crores foreign
money via export of fresh fruits and processed fruit
products, respectively which plays a significant role in
strengthening the Indian economy (APEDA, 2022). If
we consider fruit cultivation in India then, fruit crop
covers 6.664 million ha area with 99.069 million MT
production and 14.870 MT ha' productivity
(Anonymous, 2020). Indian is leading in production of
mango, banana, guava, papaya and citrus at world
stage. All these data emerged out the importance of
fruit crops in Indian horticulture and ultimately in
Indian agriculture as well as economy. In covid
pandemic era, by considering the importance of
vegetables and fruits in human health, the UN General
Assembly designated year 2021 as the International
Year of Fruits and Vegetables. WHO currently
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recommends 120 g or five servings of 20 g of fruits
consumption/capita/day which shows the importance of
fruit crops in healthy human lifestyle (FAO, 2020).
Population of globe will be going to touch nearly 10
billion bar by the year 2050 and to feed this huge living
entity we need 70% of extra food. But agricultural land
is decreasing at the rate of 0.03 m ha year' and
according to the reports (Champaneri and Patel 2022).
Employment in agricultural sector declined from 81 %
in 1983 to 58 % in 2018. While, non-agricultural
employment increased from 19 % to 42 % during the
same period (Singh er al, 2021). Considering this
scenario to get 70 % extra food with existing resources
with limited manpower, precision fruit farming is a
necessary step to maintain higher yield potential in fruit
crops.

Cultivation of fruit crops is highly based on various
components of fruit production viz., favorable climatic
conditions, adequate amount of nutrient supply,
irrigation, site specific plant management, harvesting at
proper time and many more. These all components
contribute equally to get potential yield of any fruit
crop. Global warming and climate change does not
allow favorable climatic conditions for optimum and
quality fruit production. Unjudicial application of
nutrients and irrigation leads to abnormal and malform
growth of plant. Lack of site specific plant management
practices due to shortage of labours increases the
occurrence of pests and diseases which ultimately leads
to huge yield loss. Delay in harvesting of fruit leads to
poor quality of produce along with significant increase
in post-harvest loss. As per the reports, collectively all
these factors reduce yield of fruit crops at extent of 10 -
100%.

Remote sensing as a tool of precision farming can
effectively tackle the hurdles of fruit cultivation.
Implementation of remote sensing is highly based on
several technical aspects. Developing country like India
is lacking in such technical aspects and skill for
effective application of remote sensing in agricultural
sector. Developed countries are already implementing
these technologies in fruit farming and developing
nations can also avail benefits of remote sensing by
financial support as well as proactive technical
guidance to the farmers which can ultimately increase
the productivity of fruit crops (Lamba et al., 2021).
This review paper incorporates understanding regarding
various components of remote sensing, its principles
along with its applications in easy and effective
manner.

REMOTE SENSING

Remote sensing (RS) is the process of acquiring data or
information about an object that is not in direct contact
with the sensor by gathering its inputs using
electromagnetic radiation, that emanates from the
targets of interest or object. These involves sensing and
recording of reflected or emitted energy and further
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processing, analyzing and applying that information for
interpretations (Kumar ez al., 2021). Remotely data
collection from field of fruit crops with help of any
platform e.g., satellite or unmanned aerial vehicle
(UAV) is done while applying remote sensing and then
after interpretations were made based on data
processing and analysis of dataset as per the need.
There are several components which plays an important
role in successful functionating of remote sensing
system viz., energy source or illumination, radiation,
environment, object, energy detector (remote sensor),
platform, data transmission unit, data receiver unit and
data processing unit.

PRINCIPLE OF REMOTE SENSING

The first requirement of remote sensing is to have an
energy source which illuminates or provides
electromagnetic energy or radiation to the target of
interest. Mostly Sun is utilized as source of energy and
electromagnetic radiation in remote sensing. Once the
radiation makes its way to the object through the
atmosphere, it interacts with the target depending on the
properties of both the object and the radiation. There
are three types of interactions that takes place between
radiation and object when radiation is contacted upon
the surface of object; absorption occurs when radiation
is absorbed by the object while, transmission occurs
when radiation passes through the object. Reflection
occurs when radiation redirects and projects back from
the surface of object. The amount of radiation reflected
by the object is utilized in further processing of remote
sensing. The radiation scattered back or reflected from
the object is collected and recorded by remote sensor.
This whole process is called radiation interaction. The
radiation recorded by the sensor transmitted in
electronic form to a receiving and then processing
station at where the data were processed. This process
is called data transmission. The processed data and
images are then analyzed to extract information about
the object. The final step of remote sensing process is
applying this extracted information to find the solution
to particular problem. This process is collectively called
data processing and interpretation. The detailed
working principle of remote sensing is demonstrated in
Fig. 1.

SENSORS IN REMOTE SENSING

Sensors are the device that receive electromagnetic
radiations and converts these radiations into signal that
can be recorded or displayed as either numerical data or
an image. Microwave radiometer, gravimeter,
spectrometer, camera, solid scanner, optical mechanical
scanner, laser water depth meter, laser distance meter,
radar etc. are various examples of sensors used in
remote sensing (Pujar et al., 2017). There are mainly
two types of sensors utilized in remote sensing viz.,
passive sensor and active sensor.
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Fig. 1. Principle of remote sensing (A = absorption, T = transmission, R = reflection).

In passive sensor, source of energy or radiation is
situated at outside of the sensor. In most of the cases, it
is solar energy. Passive sensors can only capture data
during daylight hours. The thematic mapper (TM)
sensor system on the Landsat satellite is a passive
sensor. Unlike passive sensors, active sensors have
energy or radiation source situated within the sensor. It
can be used without any kind of daylight restriction.
Topographic light detection and ranging (LIDAR) laser
beam mapping is an example of active sensor (Kumar
et al., 2021). Conceptual art depicting the working of
passive and active sensor is displayed in Fig. 2.

PLANFORMS IN REMOTE SENSING

Platforms are nothing but vehicles or carriers of remote
sensing which carries sensors and other components
required for remote sensing. There are mainly three

types of platforms used in remote sensing i.e., (1)
Ground based, (2) Airborne and (3) Spaceborne.
Nowadays UAVs are mostly used in ground based
platform. It operates at 10 m to 150 m height. Airborne
includes the use of helicopters, jet planes and airplanes
which operates at 0.3 to 12 km height. In spaceborne
platforms, sensors are mounted on a spacecraft or
satellite orbiting the earth. It can acquire imagery of
entire earth. It operates at 185 to 900 km height. As
height of the platform increases, coverage area also
increases but image quality might decrease. UAVs are
mostly utilized in farming sector for various aspects and
applications of remote sensing. Types and operating
height of various platforms used in remote sensing is
showed in Fig. 3.

Fig. 2. Illustration of working of passive and active sensor.
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Fig. 3. Types and operating height of various platforms used in remote sensing.

RESOLUTION AND RADIATION IN REMOTE
SENSING

Image resolution is the details that an image holds.
Higher resolution means more detailed image. In
remote sensing mostly four types of resolution are
utilized i.e., spatial, spectral, radiometric and temporal.
Spatial resolution is the details hold by pixels of an
image. It represented by value of pixel e.g., a spatial
resolution of 10 m means that one pixel covers 10 m x
10 m of area on the ground. High spatial resolution
means more detailed image with smaller pixel size.
Whereas, lower spatial resolution means less detailed
imagewith larger pixel size. Spectral resolution refers to
the ability of a sensor to measure specific wavelength
and interval (width) of the electromagnetic spectrum.
This refers to the number of bands and width of band in
the spectrum. Finer the spectral resolution, narrower the
width of band. Multispectral imagery has 3 - 10 bands
which are wider. While, hyperspectral imagery has
more than hundred numbers of bands which are much
narrower so it gives more detailed image in comparison
to multispectral imagery. The radiometric resolution of
an imaging system describes its ability to discriminate

very minute differences in energy with single
wavelength at different intensities. Images with low
radiometric resolution are able to detect only large
differences. While, images with high radiometric
resolution are able to detect relatively small differences
also. Temporal resolution refers to images of the same
geographical area more frequently at specific time
interval.

Radiation reflected by the plants depends on the
chemical and morphological characteristics of the plant.
Plant type, water content, and canopy characteristics
affects the light reflected in each spectral band
differently. Plants mostly reflects light in ultraviolet,
visible (blue, green, red), near to mid - infrared and
microwave portions of the spectrum. These are the
radiations which are not severely influenced by
atmospheric conditions called as atmospheric windows
and which are useful for further processing of remote
sensing like for calculation of vegetation indices that
provide useful information on plant structure and
conditions. Various satellite along with resolution
details used in horticulture sector are listed in Table 1.

Table 1: Resolutions and applications of satellite used in horticultural sector.

. . . Temporal o
Satellite Sensors Spatial Resolution Resolution Application
MS and Biomass, crop growth, crop yield
Landsat 8 thermal 120 m 16 days (Venancio et al., 2019; Dong et al., 2016)
QuickBird MS 244 m 1-3.5 days Disease (Santoso et al., 2011)
WorldView-2 MS 140 m 1.1 days Crop growth (Tian et al., 2017)
. Crop growth, weed management
WorldView-3 S8 124 m <l day (Caturegli et al., 2015; Sidike et al., 2018)
SkySat - 1, SkySat - 2 MS 1m sub daily Crop growth (Ferguson and Rundquist 2018)
Sentinel - 1 C - band SAR 5-40 1 -3 days Crop growth (He et al., 2018)
10 m - V and NIR,
. 20 m - Red Yield, N management
Sentinel -2 MS edge and SWIR, 60 2-5 days (Martinez-Casasnovas et al., 2019; Wolters et al., 2019)
m -2 NIR
ResourceSat-1 MS (.6m é\?\\;ﬂiis m- 5 days Nutrient management (Sai and Rao 2008)
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VEGETATION INDICES IN REMOTE SENSING

Vegetation indices (VIs) are used as remote sensing
indicators. Biophysical features of plants can be
characterized spectrally using vegetation indices.
Vegetation indices are mathematical expressions that
measured reflectance in many spectral bands to produce
a value that helps to assess growth, vigor, and several
other parameters of plants (Xue and Su 2017).
Normalized difference vegetation index (NDVI) is
mostly wused in agricultural sector for various
interpretations. NDVI is based on the amount of
absorbed visible red light and reflected near-infrared
light. The chlorophyll pigment in a healthy plant

absorbs most of the visible red light, while, the cellular
structure of a plant reflects most of the near-infrared
light and on the basis if these both kind of reflectance,
NDVI is calculated. Value of the NDVI result ranges
from —1 to 1. Where, dead plants or objects have —1 - 0,
unhealthy plants have 0 - 0.33, moderately healthy
plants have 0.33 - 0.66 while, very healthy vegetation
have 0.66 - 1 values (Gandhi et al., 2015). Example of
NDVI is demonstrated in Fig. 4. Different vegetation
indices used for estimation of various parameters in
farming sector along with their specific equation are
listed in Table 2.

Table 2: Vegetation indices used in horticultural crops.

VIs Full form Use Equation References
(Amaral et al., 2015;
Biomass. breedin Schaefer and Lamb
Normalized henot inA > ield di%laase 2016; Duan et al.,
NDVI Difference P YpIng, yield, dis S 2017; Ballester et al.,
X N - management, soil (R nr = R Red) / (R Nir + R Red)
Vegetation Index . 2018; Hassan et al.,
moisture and water stress
2019; Thuoma and
Madramootoo 2019)
Normalized (Kanke et al., 2016;
NDRE Difference Red Yield biomass, disease, N - Dadras Javan et al.,
management (R NR — R Rededge) / (R NR + R Rededge) 2019; Pourazar et al.,
Edge
2019)
Ratio Vegetation . . (Ranjan et al., 2019;
RVI Index Crop yield, biomass R N/ R Red Zhou et al., 2016)
Chlorophyll ® /R Y- 1
Clrg Index Chlorophyll content NIE © Rededge Shang et al., 2015
Enhanced . . (Phadikar and
EVI Vegetation Index Disease and biomass 25 (R = R rea) / (R ik + 6R rea = 7-5R e+ 1) Goswami 2016)
MSAVI Mi:j(gli(tj;iml Biomass, yield, N - uptake, 2 12 (Tabhir et al., 2018;
Vegetation Index chlorophyll content 2R - +1-[2(2R R +1) -8 (R o R Red)] /12 Ranjan et al., 2019)
Green red . . .
GRVI vegetation index Biomass, yield and disease (R Green — R Red) / (R Green + R Rea) (Tucker, 1979)
Renormalized Biomass, yield, disease, N -
RDVI difference red management, soil moisture (R NiR — R Rededge) / (R NR + R Req edge)”2 (Robson et al., 2017)
edge and water stress
Normalized Nutrient content and
NDSI dlfferepce chlorophyll content (R Green — R swir) / (R Green + R swir) (Mahajan et al., 2021)
spectral index
Ratio spectral ~ Nutrient content and chlorophyll .
RSI index content (R Green/ R swir) (Mahajan et al., 2021)
CARI Carotenoid index Carotene content [R Red edee / (R Green — 1)] (Zhou et al., 2019)
Anthocyanin .
ARI reflectance index Anthocyanin content [(1/R Green) — (1/R Red edge)] Devadas et al., 2009

NDVI

| Healthy Leaf |

I Stressed L(-afl

50 % NIR 10 % RED
b

40 % NIR 20 % RED

I

NDVI =033 l

NDVI =0.67

[eadrear | [swesseavear| | meattny Lear |
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Fig. 4. Example of NDVI.
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APPLICATIONS OF REMOTE SENSING

There are various applications of RS in fruit farming.
Remote sensing can make crop identification as well as
area estimation and mapping quick and easy. Weather
forecasting can be done accurately using these
technologies. One can improve site specific crop
management and can do estimation and prediction of
irrigation needs, growth and yield aspects, nutrient
requirement as well as pest and diseases infestation.

A. Crop Detection and Classification

Crop detection and classification is one of the most
important aspects of utilizing remote sensing in fruit
framing. Chaudhari et al. (2019) studied on crop
inventory of orchard crops in India using remotely
sensed data at Space Applications Centre, ISRO,
Gujarat. They incorporated linear image self-scanning
sensor (LISS - IV) images of ResouceSat along with
NDVI and iterative self-organizing data analysis
technique (ISODATA) algorithm for classification of
various fruits crop. They observed that remotely sensed
data has highly acceptable 80% - 98.53 % classification
accuracy. Aeberli et al (2021) conducted an
experiment on detection of banana plants using multi-
temporal multispectral UAV imagery at University of
New England, Australia. Convolutional neural network
(CNN), template matching (TM) and local maximum
filter (LMF) methods were used for plant detection in
commercial farm of over 0.5 ha area. The highest F -
score of accuracy i.e., 0.93 was noted in CNN method
which makes it more reliable. They also estimated plant
height and crown spread data with promising 0.80 and
0.85 R values, respectively.

B. Estimation of yield

Implementation of remote sensing in fruit cultivation
can accurately estimate plant yield parameters. Sarron
et al. (2018) conducted a research work on mango yield
mapping by UAV at Niayes region of France. They
have incorporated UAV acquired RGB imagery,
geographic object-based image analysis (GEOBIA)
land cover map and canopy height model (CHM) for
yield mapping. They estimated plant height with 0.96
R’ value using CHM model which is based on the
subtraction of digital terrain model (DTM) from digital
surface model (DSM). They have also predicted mango
yield using load index and CHM model with R* range
of 0.77 - 0.87 for various mango cultivars. Load index
is an index which is developed on the basis of
quantification of management practices and visual
inspection of 150 mango trees. They noted reliable R*
values for both estimated data for both growth and yield
aspects. Rahman et al (2018) in Australia,
experimented on high resolution WorldView - 3 (WV3)
imagery for estimating yield of mango at University of
New England, Australia. They incorporated WV - 3
satellite imagery integrating tree crown area (TCA)
using NDVI and renormalized difference vegetation
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index (RDVI) data as well as artificial neural network
(ANN) model. They estimated reliable data for fruit
weight of mango with R? values of 0.85, 0.79 and 0.93
for orchard 1, 2 and 3, respectively. The observed
results were might be due to the reason that they
incorporated NDVI and RDVI and after that ANN
modelling were applied which ultimately leads to better
accuracy of yield mapping.

C. Estimation of nutrients in plant

Mahajan ef al. (2021) monitored the foliar nutrients
status of mango using hyperspectral remote sensing at
India. The experiment involved normalized difference
spectral index (NDSI), ratio spectral index (RSI) with
multiple machine learning (ML) tools and models for
prediction, calibration and validation of various
nutrients in leaf of mango from 400 samples of 40
orchards. They recorded observe R values of 0.94,
0.91, 0.97, 0.88, 0.90, 0.95, 0.91, 0.80, 0.95, 0.90 and
0.92 for N, P, K, Ca, Mg, S, Fe, Mn, Zn, Cu and B
nutrients, respectively, which indicates strong reliability
of models. The observed result is might be due to the
reason that NDSI and RSI are highly based on radiation
emits through vegetation of particular crop and
nutrients status highly influence the plant vegetation
which ultimately leads to better decision making.
Furthermore, use of hyperspectral imaging leads to
more accurate tracking of radiation and incorporation of
ML tools improves efficiency and reliability of data.

D. Disease detection

Chang et al. (2020) carried out research on citrus at
Texas A & M University - Corpus Christi, USA to
study the application of UAV multispectral images for
detection of citrus greening at orchard in Hendry
County, Florida, USA. They incorporated four
vegetation indices viz., NDVI, normalized difference
red edge index (NDRE), modified soil adjusted
vegetation index (MSAVI) and red - edge chlorophyll
index (Clgg) on 1440 Hamlin citrus trees. They found
that Clgg has significantly accurate detection of citrus
greening and observed higher difference between citrus
greening positive and negative trees in comparison to
other VIs because Clgg is sensitive to the changes of
chlorophyll content of a plant which is the prominent
symptoms of citrus greening. Ye et al. (2021)
conducted an experiment at Chinese Academy of
Sciences, Beijing, China on application of UAV remote
sensing in monitoring banana wilt at Guangxi. They
incorporated six vegetation indices viz., NDVI, NDRE,
green chlorophyll index (Clgee), Clgg, anthocyanin
reflectance index (ARI) and carotenoid index (CARI)
along with various image resolutions i.e., 0.5 m, 1 m, 2
m, 5 m and 10 m. They recorded maximum overall
accuracy and kappa coefficient regarding detection of
Fusarium wilt infestation in banana under Clgg at 0.5 m
image resolution. This is might be due to the reason that
Clgg are sensitive to the changes of chlorophyll content
of a plant, and Fusarium wilt infection in banana will
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cause a decrease in leaf chlorophyll content.
Furthermore, it has been widely proved that the red -
edge position is very sensitive to changes of the plant
chlorophyll content therefore in comparison to VIs
without the red - edge band, VIs with the red - edge
band had higher overall accuracy and Kappa
coefficients. Furthermore, the reason behind good
detection of wilt at 0.5 m resolution is lower pixel size
which ultimately leads to better quality image.

E. Estimation of irrigation requirement

Hunink et al. (2015) studied on estimation of irrigation
water applied in fruit crops at Campo de Cartagena
district, Spain through remote sensing. They use NDVI
for estimating crop evapotranspiration and on the basis
of this they estimated the irrigation water applied for
particular crop and observed minimum deviation
between survey and satellite remote sensing based
water application. The observed result is might be due
to the fact that the spatial resolution of the NDVI is
suitable for certain agricultural water management
applications as water status of the plan highly influence
the crop vegetation which is accurately detect by
NDVI.

CONCLUSIONS

Remote sensing can play a vital role in precision fruit
farming. This technology can effectively address the
challenges of fruit cultivation and play a pivotal role for
increment in fruit productivity. Implementation of UAV
based hyperspectral remote sensing along with
appropriate vegetation indices and artificial intelligence
based machine learning analysis can accurately estimate
or predict data in the aspects of plant classification,
growth, yield, infestation and other parameters which
can pave a path for effective farm planning and
successful fruit production. Use of remote sensing in
fruit farming is highly relatable with particular growing
conditions and parameters to be estimated. Precise
technical knowledge and accurate handling of all the
components in remote sensing along with adequate
dataset is necessary for successful application of remote
sensing in fruit crops. Furthermore, the positive impact
and benefits of remote sensing are more justifiable in
large scale and repetitive site specific crop
management. Proactive participation as well as
financial aid from government and allied sector can
promote successful and effective application remote
sensing in developing countries. Change of mindset
regarding use of latest technologies in agricultural
sector along with work in regards to train manpower
along and financial support is necessary for easy
adoption of technology. Concrete research work and
development of productive data base as well as standard
crop specific methods in the aspects of remote sensing
approach in fruit farming is necessary task for
transferring these technologies from lab to land.
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