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FOREWORD FROM THE CAMPUS DIRECTOR

Welcome to Universiti Putra Malaysia Bintulu Sarawak Campus, and
welcome to the 7th Agricultural Engineering Student Chapter Annual
Regional Convention 2021 (ARC2021).

)
f | would like to extend my warm congratulations for the closing of this

‘1‘ Convention and best wishes to all attendants for a successful event.

This international convention serves as a good platform for undergraduates,
postgraduates as well as young researchers in several countries namely from Malaysia, Indonesia,
Thailand, Republic of the Philippines, Brunei and Nepal to share and explore related research
work and innovations particularly in the field of Agricultural Engineering or Technology. The
main focus of this convention is on five sub-themes of Agricultural Engineering, Food
Engineering, Biotechnology, Green Technology and Agricultural Waste Management. The well -
diversified sub-t hemes show that the theme of the conve
Agriculture Sustainability and Food Security?” [
keynote speakers renowned in their respective fields, Prof. Dr. Abdul Rashid b. Mohamed Shariff,
Prof. Sibudjing Kawi and Dr. Yudha Prambudia, is yet another hallmark of this Convention.

-

o )l

To summarise, we hope that we have managed to deliver a very successful Convention. It would
be more effective if all of us engage—not just in presenting posters and video —but also by actively
participating in the discussion and by taking advantage of the networking opportunities.

I would like to take this opportunity to congratulate the Organizing Committee of ARC2021,
especially to the Department of Science and Technology, Faculty of Humanities, Management
and Science, Universiti Putra Malaysia Bintulu Campus (UPMKB) together with the Malaysian
Society of Agricultural and Food Engineer ( MSAE) for their tremendous efforts in bringing this
international event to new heights. The fruitful engagement and collaboration among the
Universities, Research Institutes, Government and other Institutions during the entire
Convention will undoubtedly b uild the network and promote networking in AE (Agricultural
Engineering) both in Malaysia as well as in the international arena.

| sincerely hope you have a very successful Convention.

Thank you.

Assoc. Prof. Dr. Shahrul Razid Sarbini
Campus Director
Universiti Putra Malaysia Bintulu Sarawak Campus
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FOREWORD FROM THE ARC2021 CHAIRMAN

Dear Authors and esteemed readers,

A warm welcome to the 7th Agricultural Engineering Student Chapter Annual
Regional Convention 2021 (ARC2021). On behalf of the organizing committee
of ARC2021, | am very grateful to everyone for their great enthusiasm and
cooperation that has made this event a grand success.

This event is proudly organized by the Department of Science and
Technology, Faculty of Humanities, Management and Science, Universiti
Putra Malaysia Bintulu Campus (UPMKB) in collaboration with the Malaysian Society of

Agriculturaland Food Engi neers (MSAE) from the 8th July
program carries the theme of “Advancement of I R
Security” and it is being conducted virtually du

This convention had achieved its primary objective in expanding the network of institutions,
industry and society at the national and international levels in the field of agricultural and food
engineering or technology. Participants range from undergraduate a nd postgraduate students as
well as academicians from several countries; namely Malaysia, Indonesia, Thailand, Republic of
the Philippines, Brunei and Nepal with a total number of
was also truly overwhelmed with the tot al number of 213 competition outputs received which
are from 149 posters, 33 research output videos and 31 model construction videos. The outcomes
of this convention are significantly suit five sub -themes designated for ARC2021; Agricultural
Engineering, Food Engineering, Bio-Technology, Green Technology and Agricultural Waste
Management. These outputs had been evaluated by the local and international judges from
diverse countries such as Malaysia, Indonesia, Republic of the Philippines, Thailand, Australia
and Iraq.

In addition, we would like to extend my heartfelt congratulations to all the winners who deserved

to receive a medal or medals from your participation. Furthermore, the sharing session by 3
keynote speakers prominent in their respective fields; Prof. Sr. Gs. Dr. Abdul Rashid b. Mohamed
Shariff from Malaysia, Prof. Sibudjing Kawi from Singapore and Associate Prof. Dr. Yudha
Prambudia from Indonesia, is also another great highlight of this convention. Hopefully, their
sharing could help us in nurt uring our interest in agriculture sustainability and food security in
the ever-evolving IR. 4.0 era. We are also indebted to Proville Tech Sdn. Bhd and Business Event
Sarawak (BES) for being the main sponsors of this event. As sponsorship is the key to ensring
the success of an event, you made our event a huge success.

We thank all authors and participants for their contributions.

Gs. Dr. Wan Nor Zanariah Zainol @ Abdullah
Chair
7% Agricultural Engineering Student Chapter Annual Regional Convention 2021
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FOREWORD FROM THE CHIEF EDITOR

Greetings!

It is a great pleasure for me to welcome you to the eProceedings issue ofthe
7t Agricultural Engineering Annual Regional Convention 2021 (ARC2021) .
This issue mainly highlights the importance of industrial revolution 4.0 (IR 4.0)
for agriculture sustai nability and food security.

The convention was organized by Universiti Putra Malaysia Bintulu Campus
(UPMKB) in collaboration with the Malaysian Society of Agricultural and
Food Engineer (MSAE). ARC has been ongoing for years as a part o MSAE
main event, an international convention to which students from international schools,
universities, research institutes, as well asexperienced and brilliant researchers andspeakers are
invited . This convention provides an excellent opportunity for youths and other scholars to
communicate and collaborate on ideas, notably in the areas of agriculture sustainability and food
security.

Sustainable agriculture is a style of farming that focuses on producing long -term crops and
animals while causing the least amount of environmental damage possible. This style of
agriculture attempts to strike a balance between the requirement for food production and the
maintenance of the environment's ecological system. Meanwhile, food security plays a very
important role in measuring th e availability of food and those who can access to itHence the
selected submissions for this issue will hopefully shed new light upon the complexities of this
convention with the theme of “Advancement of
Seari.ty”

On behalf of the editorial board to which | eternally grateful, | congratulate all those who
contributed to successfully completing this edition of the e-Proceedings of the 7t Agricultural
Engineering Annual Regional Convention 2021 (ARC2021) and | look forward to future
intellectual contributions.

Thank you for your interest in reading the papers published here.

Dr. Juniza Md Saad
Chief Editor
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A REVIEW ON HYPERSPECTRAL REMOTE SENSING FOR WEED
DETECTION ANALYSIS IN AGRICULTURAL CROP

Nursyazyla Sulaiman 1, Syarifah Noor Irma Suryani Syd Ahmad 2, Zaid Ramliz, Ni k Nor a & ma
Muhammad Huzaifah Mohd Roslim 3
1Department of Agricultural Technolog vy, Faculty of Agriculture, Universiti Putra Malaysia, Serdang
2Department of Crop Science, Faculty of Agriculture, Universiti Putra Malaysia, Serdang
3Department of Crop Science, Faculty of Agricultural Science and Forestry, Universiti Putra Malaysia
Bintulu Campus, Sarawak, Malaysia
*niknorasma@upm.edu.my

Abstract

The presence of weeds creates complications for crop plantation as they cause significant competition
between crops and weeds in terms of nutrients, moisture and sunlight that lead to yield loss. The site -
specific weed management can manage the weed by apjying the herbicide to the weed zoning compared
to the blanket application. However, detecting weeds is difficult due to the similarity of the colour and
shape of the plants. Currently, particular weed management propositions such as mechanical, chemical,
manual, and biological control strategies were initiated for weed control in the crop field and protected
resources such as soil and groundwater. Nevertheless, these strategies came with certain constraints such
as climatic circumstances, weed resistance,labor availability, and the ability to endure management
expenses. Therefore, remote sensing technique has been established and utilised for weed detection in
agriculture to produce weed maps that can be used in spot sprayer. This review summarises the potential
of hyperspectral remote sensing implementation for weed detection in the agricultural crop using spectral
classification analysis.

Keywords: Hyperspectral ; Remote Sensing Machine Learning ; Weeds, Weed mapping

Introduction

In the agricultural ecosystem, weeds play a competitor with the actual crop for getting their source of light,
nutrients, moisture intensity, and gaseous exchange, resulting in declining crop yield and product quality
(Hassan et al., 2018). Many different types of weeds infest plantation areas, including grassy weeds,
broadleaves and sedges. Weed infestation without good management practices can reduce crop production
by 85% depending on cultivation methods, season, water scarcity, and management practicesin the
plantation area (Dilipkumar et al., 2020). The location and climate in a particular area can influence the type
of weeds present in that area and become dominant within a certain period, especially in the dry season
(Take-tsaba et al., 2018). Weedrfestation becomes critical when that plant can be a host for insect pests
and di seases and attack the crop (A i hi, 2018;
identifying the types of weeds in cropping areas and making the precise decision to determine the method
of weed control (Kamath et al., 2020). Several methods are available for weed control, such as manual
weeding, conventional herbicides, mechanical and machines, and advanced artificial intelligence. Manual
weeding is relevant to the small-scale area, but that practice is not suitable due to labor shortage for the
agriculture industry (Chauhan, 2020). Chemical control using herbicides is a popular method among
farmers because of the efficient impact and low cost compared with the other weed control methods (Jamil
et al., 2018). However, the weeds become herbicideresistant due to frequent herbicide usage in similar
mechanisms in the agricultural area (Chauhan et al., 2017).

Integrated between artificial intelligence (Al) and unmanned aerial vehicles (UAV) or drones with various

sensors such as hyperspectral, multispectral, RGB (redgreen-blue), thermal and odour will help in site -
specific weed management (SSWM) for early weed detection. Hyperspectral imaging can be used to chssify
weeds and crops. Hyperspectral data provide 1000 nm to 2500 nm wavelengths that can potentially

Che’

Peng

di fferentiate weed species using discriminant analysi
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coefficient (Okamoto et al., 2007). According to Basheer et al. (2019), the traditional remote sensing
techniques are inadequate for plant species detection analysis due to low spatial resolution. However, in
conjunction with the evolving transducer technology and sensor, remote sensing approaches were
upgraded for weed detection and control, particularly with the emergence of hyperspectral sensing and
imaging (Huang et al., 2016). Hence, this paper would like to review the implementation of hyperspectral
remote sensing for weed detection analysis in the agricultural crop.

Application of Hyperspectral Remote Sensing (HRS) for Weed Detection in Agricultural Crop

Generally, hyperspectral imaging incorporates the modern imaging system and traditional spectroscopy
technology (Qian, 2020). This remote sesing imagery provides information such as spatial resolution (size
of the pixel) and spectral resolution (wavelength ranges) (Basheer et al., 2019). Over the last 15 years, many
researchers have shown that employing spectral vegetation signatures to distinguish between crops and
weeds species can achieve a pepixel classification accuracy of over 80% (Alexander & James, 2016).
Hyperspectral imaging is usually represented as hypercubes that contain two spatial and one spectral
dimension, regarding the characteristics of each hyperspectral imagery. It is utterly different from
grayscale or RGB imagery that includes only one or three channels (Wendel, 2018). Qian (2020) stated three
different methods for obtaining the hyperspectral data. The methods depend on the type of spectrometers
instrument that leads to obtaining the data, such as dispersive elements-based approach, spectral filters-
based approach, and snapshots hyperspectral imaging. In order to collect the hyperspectral images with
different spatial an d temporal resolutions, the sensors used can be mounted on different platforms such as
UAVs, aeroplanes, and closerange platforms (Lu et al., 2020).

Weed classification using the spectral reflectance

The application of remote sensing employed in agriculture research was established on the interaction

bet ween =electromagnetic radiation and plant materi al
spectral resolution of hyperspectral data can be utilised to enhance vegetation classification by detecting

the dissimilarity of structures and biochemicals in vegetation (Govender et al., 2008). Gray et al. (2009)

stated that weed differentiation could be classified according to the dissimilarity characteristics of
morphological and phenological among t he selected weed and the surrounding crop field. Paap (2014)
brief that plants spectral reflectance is identified
canopy. Remote sensing method could detect the existence of norcrop plants between crop rows, such as

the recognition of weeds within rows, whereas segregating weeds from crops and identifying weed species

emerge from proximal sensing research, which has utilised both spectral reflectance and leaf shape analysis

for identification (Shannon et al., 2020). Figure 1 represents the typical spectrum reflectance and
transmitted wavelength of healthy leaf and stressed leaf. The contrast of the reflectance and transmittance

spectra depend upon absorption, which is in the visible spectrum range 400-700 nm. The spectra were
controlled by the absorption of various pigments and primarily chlorophylls. Near infra -red (NIR)
reflectances are higher, close to 50%, and plateau, and it will decline because of the water absorption present

in the leaf.

In precision weed management, it is important to discriminate the crop from the weeds. For instance, to
distinguish between the broad -leaved weed species (dicots) and grasses (monocots) (Casa et al., 2019).
Weed mapping is tricky due to the similar reflectance bet ween weeds and crops (Che’
a prevalent study on dispersing reflectance spectra of crop and weed leaves has found the potential of weed
detection with reflectance measurement. The correlation among the plant pathology has been employed
by remote sensing technique in contemplation to discover the discrete plant characteristics from their
spectra reflectance (Vrindts et al., 2002). The application of hyperspectral remote sensing was
comprehensively used in weed detection analysis. Previose studies show hyperspectral data has been used
widely for weed classification such as maise classification (Gao et al., 2018), the discrimination on herbicide
resistance kochia with hyperspectral imaging (Nugent et al., 2018), early detection of spotted knapweed
(Centraurea maculoyaand babysbreath (Gypsophila paniculaje (Lass et al., 2005), discrimination of
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grassweeds in winter cereal crops (Martin et al., 2011), identification of seedling cabbages and weeds (Wei
et al., 2015), differentiate weedy rice and barnyard grass (Zhang et al., 2019), and the potential use of
Grapevine leafrolassociated viru8 (GLRaV-3) during asymptomatic and symptomatic stages of grapevine
leafroll disease (GLD) in a red-berried wine grape (Vitis vinifera) cultivar (Gao et al., 2020). Casa et al. (2019)
investigated hyperspectral imaging for weed discrimination in maise crops by using machine learning
techniques (Figure 2).

Reflectance of healthy and stressed plants across the visible and infrared spectrum
Filter wavelengths: CropSpec™ sensors

0.6 -
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Figure 1. Spectral reflectance of healthy and stressed leaf in visible and NIR wavelength (Mcveagh et al. 2012).

A B

Figure 2: (A) Classification of UAV hyperspectral image sampling frame quadrat; (B) Using a supervised convolutional network.
In the classified image (B) dark green color is maise crop, light green is weeds, brown is soil, black is shadow, and white is
plastic (Casa et al., 2019)

Algorithm and classification techniques for weed mapping

For smart agriculture, an effective weed management procedure is critical. Implementing a reliable sensing
technology to establish accurate discrimination of the weeds and crops at specific areas in the field is the
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most critical step for an automatic system to remove the targeted weeds in the crop rows (Su., 2020). Weed
mapping is one of the most effective methods for managing crops. Within each crop type, weed populations
vary spatially; hence, mapping weed infestations in annual crops has consequences not only for site-specific
herbicide treatments but also for creating alternate management strategies and weed ecology analysis
(Smith et al., 2003). It can be accomplished # using a variety of models and algorithms when performing
data analysis and interpretation. Liakos et al. (2018) stated that Machine learning was created in conjunction
with big data technologies and high -performance computers to open new avenues for unravelling,
guantifying, and recognising data -intensive procedures in agricultural operating environments. Machine
learning comprises several artificial neural networks, Bayesian models, deep learning, dimensionality
reduction, decision trees, ensemble learnng, instance-based models, support vector machines (SVM),
Bayesian networks, convolutional neural networks (CNN), deep neural networks, ensemble neural
networks, K-nearestneighbour, least-square-support vector machine, multi -layer perceptron, multiple
linear regression, principal component analysis (PCA) and partial least squares regression. According to
Su (2020), machine learning methods combined with non-imaging spectroscopic or imaging technology
enable practical and realtime plant discrimination and localisation (such as weeds). It allows for the exact
application of the most appropriate herbicide dosage to site -specific zones rather than spraying entire fields
uniformly, lowering herbicide costs while also protecting resources such as soil and ground water. The
study was done by Islam et al. (2020) presents that the development of a random forestbased algorithm to
generate a weed map in chili plantations has resulted in an out-of-bag accuracy level of about 96%.A
convolutional neural network (CNN) in deep learning performs well in object detection and autonomous
feature engineering with uncontrolled illumination. The CNN models were used to train plant RGB
pictures and successfully distinguish sugar beet plants from weeds, making them appropri ate for field use
(Milioto et al., 2018). The classification results of CNN show that the recognition rate of weeds from soybean
crops reached 91.96% (Chavan & Nandedkhar, 2018). The study done by Santos et al. (2017) showed the
application of ConvNets (wi th 98% accuracy level) to detect weeds in soybean crops images along with the
discrimination between the broadleaved weeds and grass.

Conclusion

The use of hyperspectral remote sensing imaging (HRSI) allows for the accurate detection of weed patches
in a plantation area, improving the long -term viability of weed management. Hyperspectral remote sensing
imaging technology is site-specific weed management (SSWM) used to monitor weed detection systems.
Early detection will make the precise decision to determin e the weeds control methods at an early stage
that will reduce the herbicide usage and reduce environmental impact. Furthermore, HRSI is used for data
acquisition and can capture weeds images in more detail for spectral information and spatial ranges. The
spectrum can indicate the chemical and physical characteristics of the plants. Thus, farmers can take action
based on the crop condition and weed area to treat the spot area only. When paired with weed management
planning, the knowledge gained from remote sensing image analysis will help effective weed control in
the long run. Various machine learning algorithms could provide a precise weed classification to produce
a weed map. In this review, it can be concluded that HRSI is a potential technique for weed mapping as it
provides high spectral resolution accuracy. As we know, the weeds monitoring and control in the early
growth to maturity stage needs intensive labor and high cost. Using a hyperspectral sensor instead of
traditional ways to monitor weeds in the field can save time and money while being more precise in a large-
scale area. A sprayer drone can be used to spray the spot area based on the weed map. It will reduce the
labor and save the cost. These sensing technologies employed in smart agriculturehave made significant
progress by producing vast amounts of data from the fields. Given the recent surge in machine learning
and sensor development, hyperspectral imaging is potentially one of the methods for weed and crop
discrimination in real -time.
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Abstract

In conventional practices, farmers usually rely on paper -based records to store the field data,which is time -
consuming and challenging to update the data for crop management. Furthermore, data sharing is limited

because of the reliance on human labour, resulting in missing and inaccurate data. Using geographical
information system (GIS) and unmanned aerial vehicle (UAV) approaches, farmers can locate and detect

problems in their farms in the near real-time and take corrective measures once these areas have been

evaluated. Furthermore, image processing techniques can be applied, such as vegetation idices (VIs)
derived from the aerial imagery that is to be used for geotagged individual trees for crop plantation health
monitoring. Therefore, we provide an overview of the geotagging technique and utilisation of Vis
algorithm for crop management, focusing on the practical use of the most advanced UAV application. This
review then concludes with a brief outlook into a potential future field of research regarding crop
monitoring using a geotagged technique derived from UAV imagery in agriculture applications.

Keywords: Aerial imagery; Crop; Geotagging; Vegetation indices
Introduction

As people come up with insights on the utilisation of innovation, new technologies are established.
Innovation laid the foundation for sol utions to problems in several industries, particularly farming. Despite
years of agricultural studies, pests and disease (PnD) and weeds impede agricultural productivity, affecting
crop production and consumption. Specifically, they may reduce crop yield a nd its quality directly or
indirectly by affecting crop health. The plant pathology discipline focuses on diseases caused by pathogens,
infectious organisms, and other environmental conditions or physiological factors. Therefore, the main
concern as a plart pathologist is monitoring plant conditions such as diseases and pest outbreaks. However,
traditional practices using paper -based records to collect the field data is inconvenient since it is time-
consuming, and loss of data caused by human error could lead to poor crop health management (Bharti et
al., 2021).

Adopting GIS technology across all industries can be a powerful tool in collecting, storing, and managing
data, thus providing effective and successful decision-making processes. Geographic taggingtechniques,
for example, provide a significant benefit of analysing data in point shape, particularly in
agricultural industries. For instance, plant pathologists commonly adopt the functionality of Google Earth
that allows a user to geocode latitude and longitude to map the location of infected crop diseases. However,
the spatial resolution is low and might lead to inaccuracy. Furthermore, dealing with large amounts of data
with the Global Positioning System (GPS) as the only identifier on the map can be difficult and time -
consuming when getting precise data (Buladaco et al., 2020). Thus, there is a need to apply a geotagging
tool as an Information Technology (IT) solution to efficiently provide an approach that can suit the
particular needs of crop monitor ing.

UAVs or drones have grown in popularity due to minimal user intervention and affordability. As a result,

they have become more commonly used platforms for gathering aerial images (Hamylton et al., 2020).
Compared to satellite imagery, the ability of U AVs to produce high -resolution imageries, low -cost, and
precise positioning makes them the most potent platform (Norasma et al., 2019). Furthermore, the

k
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geotagged technique can be derived from high-resolution UAV images to produce an accurate map by
validating Ground Control Points (GCPs) (Muhammad and Tahar, 2021). The VIs generated from the UAV
imagery can help the farmers emphasise the area with the unhealthy conditions of the crop. Therefore, this
study provides an overview of the geotagging application synchronises with a camera mounted on a UAV
to provide georeferenced images and employs aVls algorithm for rapid and automated damage detection

and crop monitoring.

Geographic Information System in Agriculture

Crop plantation covers a large area and therefore needs a proper management system for monitoring plant
health. This process is possible with GIS that is made up of hardware and software to capture, store, and
analyse digital information such as graphs and maps (Talosig et al., 2019). GIS can devealp a spatial
database by storing and displaying geographically referenced data to geotag the crop. GIS development
can be utilised using Aeronautical Reconnaissance Coverage Geographic Information System (ArcGIS)
(Esri, Redlands, California, USA) and Quantum Geographical Information System (QGIS) (GNU Public
License). They contain various functionality ranging from simple to advanced spatial analyses. Direct
access to geographic information is performed by first making a geographic database connection in ArcGIS
Desktop and then importing the connection file into the ArcGIS server. On the other hand, QGIS is an open-
source GIS under Open Source Geospatial Foundation (OSGeo) (Heim et al., 2019). Both ArcGIS and QGIS
contain the tools for processing the data and support many rasters, vector, and database formats.

Unmanned Aerial Vehicle in Agriculture

UAVs or drones have seen widespread use in precision agriculture in recent years. This technology can

detect sub-field differences in crop health with greater accu racy (Zhang et al., 2021). It can assist farmers in

monitoring plant and livestock conditions via ground -level spot controls (Revanasiddappae et al., 2020).

UAVs can be used to assess crop growth, irrigation systems, fertiliser application, and disease detction.

UAV sensors with high spectral, spatial, and temporal resolutions can detect disease in its early stages

(Mateen and Zhu, 2019), thus increasing crop yield and productivity. The infrared sensors in UAVs are

allowing farmers to improve agricultural conditions, which reduce the use of insecticides or fertilisers on

the crop. These high-resolution images obtained from UAV aerial images could also eliminate the cloud
problems (Tang et al ., 2021) and produc,02h)i gh accurac

Geotagging Approach in Crop Monitoring

Geotagging is a fastemerging trend in digital photography and community photo sharing. Geotagging
means adding geospatial data to various forms of media such as photos or videos, including altitude,
latitu de, longitude, altitude, distance, and scale. In precision agriculture, a geotagging framework was used
to estimate the location and coordinates from aerial images to tag the trees (Salem et al., 2021). The tagging
can create unique characteristics and track and count the number of trees from the images. Each tree was
captured using UAV imagery and can be map using the geotagged technique. The trees are marked using
the number series to identify the unique pinpoint of each tree ( Identity document, ID ). The coordinate of
each tree is obtained by geocoded when the photo is collected using smartphones or GPS instruments.
Farmers can geotagged the trees by tagging the images with coordinates, and time can be included (Sottini
et al., 2019). Since the smdaphone has a built-in camera, the location and geotagged photos are
automatically collected (Atunggal et al., 2017).

Farmers can conduct tree counting and profiling from aerial images. The detection technique includes edge
enhancement, spectral andblob analysis, and segmentation (Ammara and Koubaa, 2020). This technique
can measure the width and height for every trunk and identify the tree for tapping (Talosig et al., 2019).
Accordingly, farmers can develop geotagged techniques using a monocular Micro Aerial Vehicle (MAV)
for each tree by assigning the trees using their coordinates. Then, farmers can conduct image processing
which geotagging all information such as imagery and camera parameters (Birdal et al., 2017). Each image
can be visualized with geographical locations using GIS software (Figure 1). Alternatively, Google Street
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Views, Google Earth, and Google Map are considered a usetfriendly database of accurate geotagged
imagery to provide spatial information.

Caprur.ed the Marked Gepcoded of each tree Geo-tagged t.he trees Tree counting and profiling
aerial image the tress | 7| vsing smartphones or »{ by tagging images > d nerial i
using UAV GPS instrument with coordinates fom tagged acrial Images
Visualized with Image processing which geo- Geo-tag with Detection techniques such as
geographical tagging flight information a monocular [ edge enhancement, spectral and
locations using GIS and camera parameter. MAV blob analysis, and segmentation

Figure 1: Geotagging framework in crop monitoring

Previous studies show geotagging technique in Kluang Valley Durian plantations was successful using

QGIS software (Rahman, 2021). The coordinates were spatially joined with an attributes table that consists

of ground data such asthe hei ght of trees, canopy width, girth’'s d
content, EC reading, and leaf sizes. This technique could help the farmers to monitor the durian plantation

effectively. In this study, Rahman (2021) used RGB imagery and geotagged he tress using GIS software.

The spatial points (durian trees) were linked with the attribute table in the ground. Figure 2 shows the

durian trees that are linked with the ground data.
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Figure 2: Geotagged the spatial data with the attribute table in QGIS (Rahman, 2021)

Previous studies also applied the geotagging approach for mapping trees on different crop types (Table 1).
Additionally, the ground view was used in the previous studies of cross -view image matching (Sattler et
al., 2016; Vo et al., 207). Nevertheless, ground-view images are commonly limited to small spatial and
temporal scales. Conversely, satelliteview images have a higher advantage with broad spatio-temporal
coverage with their geotags. Previous studies have focused on crossview i mage matching between the
ground and satellite views to fully utilize the geotags of images by locating the images from different views.
Tian et al. (2017) created image pairs between aerial and groundview images using public image data
sources. In this ase, Google Maps provided the satellite-view images with geotags and this feature aids in
the crossview image matching of the UAV and satellite views.
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Table 1. Application of geotagging techniques in crop monitoring

Reference Study area Study period Platform Application
Rahman (2020) Durian plantation, January to RGB UAV Geotagged durian trees using RGB
Malaysia December 2020 imagery and ground data.
Sawant et al. Thanjavur, Tamil August to Google Earth Geotagged plot boundaries for the
(2019) Nadu, India November 2018 Engine Kharif rice crop and coconut
plantations.
Sottini et al. Cecina river, January 2005 to Flickr Geotagged on geomorphology and
(2019) Liborno, Italy December 2017 Application natural environment of the
Programming plantation.
Interface
Mohite et al. Wardha, June to November Rural Geotagged plot boundaries and
(2020) Maharashtra, India 2019 Participatory growth stage of soybean, cotton,
Sensing red gram, orange, chilly, okra,
mango crops
Yang et al.(2015)  San Angelo, Texas,  October 2014 GPS Geotagged image for cotton root.
United States
Navaja et al. Brgy. Cantipay, January 2018 to Manual such as Geotagged image for mango tress
(2019) Carmen, Cebu May 2019 human labour

Aerial Imagery Processing in Agriculture
Spectral Reflectance Technique for Vegetation

The spectral reflectance technique is used to estimate the functional components and nutritional status of
various vegetation types, whereby differences in findings were found dependi ng on the types of plant
species, growth methods, and environmental conditions (Neto et al., 2018). The plant parts that affect its
reflectance are the amount of chlorophyll content in the leaf, leaf water content, and the intercellular space
in the leaf cell. The chemical characteristics of leaf pigments, water, and dry-matter content create distinct
absorption features (Jiménez and DiazDelgado, 2015). Spectral reflectance has been measured at multiple
spatial scales, such as a crop's leaf, stand, and capy (Ryu et al., 2018). The reflectance spectroscopy
technique was first used in the early twentieth century (Norris et al., 1974), showing that wavelengths in
the infrared area were suitable to assess forage quality rapidly. Recently, Ngo et al. (2019) aalysed
reflectance spectra to evaluate the nutritional and functional components of diverse green plants and
medicinal plants. In general, leaf reflectance spectra were low in the visible region from 400 to 700 nm, due
to light absorption by photosynthetic pigments such as chlorophyll and carotenoids (Yu et al., 2018).

In higher plants, leaf pigments such as chlorophyll, carotenoids, and anthocyanins may be easily
recognised in 400 to 800 nm reflectance. Precisely, total chlorophyll content was measured in beech leaves
at 540 to 560 nm (green region) or 700 to 730 nm (& region) and 760 nm (red-edge) (Gitelson et al., 2006),
lettuce at 540 to 560 nm and 700 to 705 nm which depending on detection point, and spinach at 510 to 540
nm (Xue and Yang et al., 2009). The ratio vegetation index (RVI), a wellknown simple ratio (S R), was
created by using the reflectance of the red and nearinfrared (NIR) spectra (Birth and McVey 1968), which
is designated as NIR/red. The NIR light is reflected in healthy leaves of 40-60%. However, the process is
more located at the canopy level be@use of a range of effects such as additive reflectance, incidence angle,
leaf orientation, shadow and soil background reflectance. The vegetative spectral reflectance curve is
presented in Figure 3.
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Figure 3: Vegetative spectral reflectance curve (Roman & Ursu, 2016)
Vegetation Indices Algorithm in Crop Monitoring

In traditional methods, the farmer usually manages the crop plantation based on experience and visual
observation. However, it is difficult to detect the whole area of the crop plantation because of the limited
visual observation on the ground. Therefore, aerial imagery can extract VIs that help the farmer monitor
the crop stress conditions and variability (Radoglou -Grammatikis et al., 2020). VIs are mathematical
estimations of canopy reflectance at specified visible and nearinfrared wavelengths (Frels et al., 2018). The
indices allow users to determine stressed and diseased crops and predict nitrogen (N) status by multiple
bands imagery. Farmers with this knowledge can maximise the use of limited resources such as
fertiliser, water, or manure by focusing on different parts of the field and conducting on -the-spot
treatments. Various VIs have also been developed by taking into account the spectral reflectance features
of plants. Accordingly, aerial imagery and VIs data from the image processing technique were exported,
and trees and characteristics of the ground data were geotagged using GIS software. Then, this spatial data
were processed and displayed in the form of a map. Hence, to improve crop plantation management, the
farmer can use the combination of the GIS and aerial imagery approaches.

The successful application of UAV-based remote sensing depends on changes in sensitivity toVis and
growth stages (Olson et al., 2019). Theprocessing of several vegetative indices has been related to
physiological plant factors such as plant pigments, vigour, aerial biomass, yield estimation, plant
physiology, and stress. Xue and Su (2017) assessed the developments and applications of 10dls in remote
sensing. They found that some VIs use a range of reflectance values in a narrow band of the electromagnetic
spectrum. Therefore, it will give more accurate measurements for grain yield and reliable information for
yield prediction.

Nevertheless, they require more technologically such as multispectral or hyperspectral sensors. Vis are
derived using red -green-blue (RGB) images estimated from commercial cameras as a lowcost option.
Other investigations have demonstrated the ability to estimate g rain output, quantify nutrient shortages,
and assess the impact of illnesses (Buchaillot et al., 2019).

Zhou et al. (2018) found that combining agronomic factors with VIs could improve crop biomass and shoot
nitrogen concentration in monitoring the accura cy. For example, Wan et al. (2018) discovered that
combining VIs and image classification from RGB and multispectral photos could estimate the number of
flowers in oilseed rape. Combining the multi -temporal normalised difference vegetation index, the
normalised difference yellowness index, canopy height, and canopy coverage have resulted in high
prediction accuracy of rice yield. Therefore, combining agronomy factors and VIs may be an important
technique for estimating leaf nitrogen concentration, particula rly during the summer maise grain filling
stage, when summer maise tassels influence spectral reflectance. UAWbased monitoring has shown
significant potential for the future infrastructure of monitoring plant health. Various  VIs have been applied
for crop monitoring (Table 2).
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Table 2. Vegetation indices related to crop monitoring

Vegetation Index Formula Purpose Reference
Visible-Band Difference cz’0 Y 6 To distinguish vegetation from non -vegetation
Vegetation Index objectswithout using the NIR domain, whereby in

Xue & Su,

ﬁ
(VDVI) 2’0 Y o the case of visible light remote sensing images. (2017)
Visible atmospherically 0 Y To emphasize veget'flgon'ln the VI'SIblt'E portion of Eng et al.,
resistant index (VARJ) o v 8 the spectrum, and mitigating illumination (2018)
° differences and atmospheric effects.
Normalized Green-Red o~ To eliminate the influence of different irradiance on .

. oY - ) Bassine et al.,
Difference Index oY the spectral characteristics of the vegetation and to (2019)
(NGRDI) estimate the biomass of crops.

To estimate and distinguish divergent patterns of
Red-Green Ratio Index Y pigment activity such as anthocyanin and directly Mallmann et
(RGRI) "O related to leaf structure, light regimes, and al., (2020)
functional type.
Modified Green Red N . To capture reflectance differences due to .

. o Y . Bendig et al.,
Vegetation Index oY chlorophyll a -absorption (420, 490, and 660 nm) and (2015)
(MGRVI) chlorophyll b -absorption (435 and 643 nm)

Excess Green Index o To highlight the green vegetation cgver and .create a Cermakova et
¢z 0'Y O clear contrast between plant material and soil by
(EXG) . . al., (2019)
producing a grayscale image.
Color Index Of M8 TP T YPO To separate the green plant portion from t-he sql Zhang et al.,
Vegetation (CIVE) & W p & WX background and CIVE layer was used as input in (2018)
the multi -threshold segmentation algorithm.
estaen () e e s 0513,
9 Y 76 P 9 pS using (2018)

invariant over the range of natural daylight.

Conclusion

The application of the GIS technology in mapping the farm and assigning a unique crop tree identification
number enables farmers to monitor the growth of the trees. This information is crucial for farmers or
scientists to make timely decisions to improve crop management practices in their farm areas. The
geotagging and VIs technique can be derived from RGB, multispectral, hyperspectral and thermal imagery
for crop monitoring. However, the ground data is important for the accuracy assessment. In addition,
geotagging will link spatial and attribute data in GIS software. Thus, farmers can monitor their crops by
using the unique ID from the geotagged application and image analysis using VI.
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