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| 1. Introduction

Weeds are significant contributors to the decline in crop yield and quality . Weeds compete with crops in terms of
nutrients, water, and sunlight. Weed losses are expected to reach 11 billion USD per year in India, ranging from 13.8% in
transplanted rice to 76% in soybean; in which, weeds contribute the highest potential loss, accounting for 34% of all biotic
stressors, followed by insects of 18% and diseases of 16% &. The high morphological, physiological, and anatomical
plasticity of wild species such as weeds makes them more resistant to environmental stressors than crop species 2!,

The interaction of weeds with other biological components is; it can damage nearby crops . Due to this reason, weed
containing herbicide residuals can cause the accumulation of off-flavour products &, or in some cases, making them
harmful to humans and animal health when they enter the food chain €. If consumed, the detrimental health ingredients
could cause hepatic failure in humans and farm animals . Herbicides move away in various ways, from the target plants,
triggering pollution in the environment. The sorption process binds herbicides to soil particles, resulting in severe soll
pollution [, Then, herbicides seeping to deeper layers of the soil surface or carried directly to field drains could enhance
losses of herbicides in target crops and contaminate the surface and groundwater. This potentially leads to soil and water
pollution, putting the above and belowground wildlife biodiversity at risk, including flora, fauna, and microorganism &. On
the other hand, herbicides applied in farming activities spray drift in the air, and the volatilised, dispersed, and transported
of its residues over a long distance facilitates the process of environmental recycling between the atmospheric and
terrestrial environments. However, this process creates air pollution in the local environment and adversely impacts the
global environment 9. Thus, alternative weed mitigation strategies must be designed and promoted to mitigate and
eliminate the ecological, environmental, and potential social problems with the intensive use of herbicides.

Spraying herbicides is the most common approach to weeding worldwide 1. Weeding is typically conducted by uniformly
spraying herbicides over the field, irrespective of weed density, which results in over-spraying in weed-free areas. This
approach of weeding generates herbicide waste and pollutes the agricultural ecological environment. The site-specific
weed management (SSWM) approach was suggested to tackle these problems 2. SSWM is a strategy that consists of
varying management of weed within a crop field to suit the variation in density, location, and composition of the weed
population X3, Weed populations are often dispersed irregularly inside crop fields. Therefore, the basis of this control
strategy is to provide a guideline of weed spatial information to apply the herbicides with a minimum consumption by
adapting it according to actual needs and utilised other techniques, including any use of plant derivatives that comprises
of allelopathy effect, i.e., natural herbicides to minimize agrochemical pollution 24, thereby helping to lessen soil, water,
and air pollution. By realising these benefits, detailed and resource-efficient approach of herbicide spraying with SSWM in
smart farming decreased herbicide consumption by 40% to 60% 1%, thus providing better environmental protection,
sustainable agricultural production, and increasing economic profits.

The first step in implementing a SSWM strategy is weed detection and mapping (Figure 1). This task includes creating a
weed map by integrating the sensor, processing procedures, and the actuation system. On-the-ground or remote sensing
technologies can be used to capture weed images or non-imaging data. Previous research has shown that ground-based
approaches (also known as proximal sensing) can capture high-resolution images, allowing for the early detection of
substantially lower weed densities, and the discrimination of primary plant species 2817 Alternatively, traditional remote
sensing platforms such as piloted airborne and satellite may investigate wider areas but have lower image spatial
resolution (18],
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Figure 1. The first step in implementing a site-specific waste management strategy.

The emerging priority of remote sensing in the precise management of weed is to facilitate extracting information relevant
for data-driven decisions 12, A remote sensing technique must meet three requirements: (i) supply cost-effective data, (ii)
ability of capturing and providing information promptly, and (iii) have user-defined spectral characteristics to enable crop
indication adjustment. Satellites, manned planes, and ground-based platform can be used with remote sensing sensors.
Satellite image analysis offers some solutions that could cover the entire fields and solving problems of the applications of
herbicides by sampling, but it has a lower resolution and depends on high weed infestation in the absence of clouds to
obtain good results 29, Furthermore, different types of satellites offer some advantages and disadvantages of its features
(Table 1). Contrarily, manned aircraft can cover broad areas but are prohibitively expensive. Handheld sensors are very
accurate; yet, when compared to aerial remote sensing, their coverage area is incredibly limited (211,

Table 1. Advantages and disadvantages of different satellite features.

;);':;Ti t(:s Advantages Disadvantages References
- High spatial and spectral resolution
(panchromatic of 31 cm, multispectral of
1.24 m, short wave infrared of 3.7 m, and 30
m CAVIS)
- Broad spectral range i.e., has 29 spectral
bands - High resolution of sensor limited to
WorldView-3 - Precision geolocation without ground . Warner et al. 22
. visible and NIR wavelengths
control points
- Huge collection capacity i.e., more than 25
million km? per year
- High classification accuracy in terms of
visual interpretation and supervised
classification
- Make available data with a minimum
spatial resolution of 10 m - Need to depend on other satellite
- Broad acquisition coverage data before the commencement of Orlikova et al. 23]
Sentinel-2 - 13 bands based on visible to Short Wave Sentinel-2. and Varghese et
Infrared (SWIR) - Rate of uncertainties in data fusion al. 24
- Short time revisits cycle i.e., less than five and downscaling methods

days globally



Types of

Satellites Advantages Disadvantages References

- High spatial variability even though the
time elapsed is one month
- Has a push broom configuration

Land Satellite generating 16-bit images with at least an

- Higher spatial resolution sensor is

(Landsat) . h e . . limited by the temporal resolution Abascal Zorrilla
. eight fold increase in signal-to-noise ratio . [25]
Operational Land X L when compared to medium- etal.,
than previous Landsat missions .
Imager (OLI) resolution data.

- Data saturation in sites with high biomass
and penetrable canopies in low cover areas
generate large uncertainties

Clouds, Aerosols, Vapors, Ice, and Snow: CAVIS.

UAVs have shown the remarkable potential of low altitude applications in agriculture since they are more cost-effective
and easier to use 2827 Current UAVs have higher image spatial resolutions, whereby technological breakthroughs in
miniaturisation sensors are embedded. The most recent generation of multispectral (i.e., sensors offer from 3 to 7 bands),
superspectral (i.e., sensors offer from 7 to 20 bands), and hyperspectral (i.e., sensors offer more than 20 bands) provides
an opportunity to create very precise weed maps [28. Advances in two-dimensional and three-dimensional sensor and
camera images, as well as more powerful and efficient computers processing data streams in near real-time, could
provide the tools required for real-time SSWM 22, Nonetheless, those spectral cameras, 3D cameras, and LiDARs are
costly. Generally, they are used on broad land- and time scales. Since it is smaller and lighter than other sensors, an RGB
camera is a more cost-effective sensor.

| 2. Current Trend of UAV Applications for Detection of Weed

Research on the application of UAV for weed detection and mapping mainly highlight four issues: (i) spectral differences
of weeds detection, (ii) types of aerial images from several sensors and platforms on weed detection, (iii) effect of spatial
and spectral resolutions on weed detection, and (iv) algorithms and classification techniques for weed mapping. UAVs
have primarily been assessed in different crops such as maize, wheat, sugarcane, cultivar, chilli, onion, vineyard,
pistachio, baby-leaf red lettuce, barley, and mixed agricultural field such as pea and strawberry (Table 2). Those are
among the world’'s most widely cultivated crops, and they are highly vulnerable to weed competition, particularly during
the seedling stage of the growing cycle. Our systematic review found that the seedling stages of crop contribute the
highest, i.e., 27.42% in weed detection. One study 2% proposed that crop images could be taken precisely in the early
season, so that specifically color-dependent segmentation can be applied to segment weed patches to achieve the higher
accuracy of an algorithm.

Table 2. Example of UAV imaging applications in detecting weed for different crop types.

Crop Research Focuses References

Tested a low-cost UAV for weed mapping, evaluated open-source packages for semi-
Maize automatic weed classification, and implemented a prescription map-based sustainable Mattivi et al. Bl
management scenario.

Optimized a deep residual convolutional neural network (CNN) (ResNet-18) for de Camargo et al.
Wheat e . . [32]
classifying weed and crop plants in UAV imagery.

s Developed a f k to identify the defect in th f Tanut and
ugarcane eveloped a framework to identify the defect areas in the sugarcane farms. Riyamongkol [22]
Cultivar Investlgatt?d_ the_ V|ab|I|t_y of |ntegrat|ng_ UAV |_mage with satellite images to improve the Malamiri et al, 28]

classification of different pistachio cultivars and separate weeds from trees.
Chilli Detected weeds in a chilli field using image processing and machine learning Islam et al. 341

methods.
Investigated the late-season weed mapping by surveying dry onions with a simple off-
. . N . . - Rozenberg et al.
Onion the-shelf UAV, employing several techniques across various spatial resolutions, [35]
estimating weed coverage in the fields, and assessing the spatial pattern of weeds.

Provide UAV and precision agriculture users with a FOSS-replicable methodology that

Vineyard can meet the needs of agricultural operations, as well as operational and management Belcore et al. 38]
needs.
Baby-leaf red Provided an estimation of the exact weed quantity on baby-sized red lettuce beds Pallottino et al.

lettuce beds using a light drone. 7]



Crop Research Focuses References

Evaluated the yield loss of spring barley due to various C. arvense infestations in big
Barley plots in farmers’ fields, and proposed a novel approach to quantifying C. arvense
infestation in large plots.

Rasmussen and
Nielsen [18]

Mixed . . e .
agricultural Developed a deep learning system for identifying we_eds and crops in croplands, such Khan et al. [28]
field as peas and strawberries.

This review has figured out few types of UAV that being used for weed detection which includes single-rotor, multi-rotor,
and fixed-wing (Figure 2). Ahmad et al. B2 ysed single-rotor as a spraying unit in the target and off-target zones for outer
field weed control application. On the other hand, there are two studies that used the multi-rotor on the cultivated rice in
China, in which Huang 9 captured imagery on few patches of Cyperus iric while Huang % captured the Chinensis,
Cyperus iric, Digitaria sanguinalis, Scop, and Barnyard grass. In another study, Khan et al. B used multi-rotor to obtain
imagery for two different crops which is pea and strawberry and Eleusine indica on infested weeds in Pakistan. In terms of
fixed-wing, Zisi et al. 42 used this type of UAV to capture the images of S. marianum and patches of other weeds such as
Solanum elaeagnifolium, Avena sterilis L., Bromus sterilis L., Cav, Cardaria draba L., Conium maculatum L., and Rumex
sp. L. at the field that previously cultivated with cereals in Greece. Also, for fixed-wing that detect other weed types,
Barrero and Perdomo 3l has detected Gramineae at the rice field in Columbia, whereas Tamouridou et al. 44! has
identified S. marianum, and other weed types that consist the mixing of Avena sterilis, Rumexsp. L., Bromus sterilis L.,
Conium maculatum L., Cardaria draba L., and Solanum elaeagnifolium Cav at the field that previously cultivated with
cereals in Greece.

Mikrokopter JR11X (attached
with multispectral MCA &)

Fixed wing (attached with Matrice 600—DJI (attached Yuneec H520 hexacopter
RGB/Multispectral)

with Hyperspectral Pika L) (attached with thermal sensor)

Sprayer drone l Uni drone
Figure 2. Example of UAV systems used in detecting weed (The pictures were captured by authors).

2.1. Spectral Differences of Weed Detection

The basic concept behind weed discrimination is to locate the spectral region or, instead, the vegetation indices that
maximise the differences between weed and crop plants, based on the reflectance values acquired in aerial images 221, At
the time of image acquisition, the weed percentage was very low. Using a mosaic of images is often more difficult than
using a single image because of distortions and spectral variations between the images. The ability of detecting and
identifying weed species is largely influenced by environmental conditions. This is related to the weeds’ distribution pattern
such as patchy patterns with high inconsistency, their textural phenotype, and spectral signature that visually similar to
other vegetation types growing in the same location 8], Spectral signature can be used in chemical content in the leaves
or plants, in which each band represent the condition of the plants.

To evaluate weed identification capacity, spectral signatures were acquired from the upper surface area of the leaves, for
example, from S. marianum plants and other vegetative species such as A. sterilis and Conium maculatum 2,
Accordingly, A. sterilis and S. marianum were found to have similar spectral reflectance characteristics, making weed
classification difficult which mainly in the early season. However, these three species were easier to distinguish in the NIR
spectrum. This indicates that the NIR zone and other properties (i.e., texture) could be used to enable class separation.
Another study 48] that monitored the same species that mentioned previously also observed that S. marianum had some



similarities with A. sterilis in the visible spectrum (400-700 nm) but differ in the near-infrared (700-1100 nm). This shows
that the camera’s band is one of the essential feature that allows for weed discrimination in the crop field.

Because of challenges regarding indistinguishable spectral signatures between crop and weed seedlings, other
characteristics such as different textures and shapes may help to differentiate the two. Also, initial parameters may have
an effect on the creation of objects from pixels. Rozenberg et al. 22 applied a single set of parameters, in which the shape
and size of the weed patches varied. Due to the significant spectral differences at the phenological stage at which the
data was collected, the use of differential parameters was unnecessary.

Monospecific patches with higher vegetation cover has a unique spectral signature which the classifier can use it to
improve its accuracy. Conversely, the spectral reflectance of a mixed community combines the spectral signatures of the
plants present in a single location, hiding the target species’ signature and lowering classifier performance. In addition, the
image resolution was inadequate to give description of pixels indicating pure spectral signatures of spotted knapweed,
among other vegetation, and thus pixel-based methods could not be adapted without data from field-spectrometry or a
spectral library to provide the spectral signatures of the crop. 49,

Danilov et al. Y investigated how the form of the spectral signatures of reflectivity for plant items changed based on their
current condition, as measured during field surveys. This is the starting of the active vegetation of weeds. The spectral
signatures curves of the plants were identified, whereby the (i) distinctive characteristics of reflectivity of some cultivated
or weed species is in the visible range of the spectrum between 400 and 680 nm, (i) differences in the average values of
the spectral brightness between few plant species are overlapped by the sums of their standard deviations in the NIR
region of 800 1100 nm, and (iii) weed is detected by a significant variation in the amplitude of spectral brightness
fluctuations between cultivated and weed plants.

2.2. Types of Aerial Images on Weed Detection

Our systematic review identified four main types of cameras utilized for weed patches identification: RGB, multispectral,
hyperspectral, and thermal cameras. For example, Agiiera-Vega et al. Bl used the multispectral (green, near-infrared, red
and red-edge) and thermal sensors to discriminate weed images from maize crops. Revanasiddappa et al. B2 stitched
weed images to create a weed site map uploaded to the cloud. A study combined simultaneously remotely sensed ground
data and aerial imagery to develop models that correlated ground-truth weed densities with image intensity and forecast
weed densities in other fields, done by Lambert et al. 23, The weed effect on canal hydraulic efficiency has also been
assessed using ground imagery, UAV images, and high-resolution satellite data 4],

According to the secondary development, a hardware environment for real-time image processing has incorporated map
visualisation, image collection, flight control, and real-time image processing on board a UAV 21, Based on Reis et al. B8],
the image generated using LIDAR data had lower canopy cover and higher cover by bare soil and grasses compared to
UAV. Differences between LIDAR and UAV may be due to image classification processes, including the existence of
shaded areas in UAV camera images and incorrectly categorised pixels in digital image processing that require additional
exploration.

2.3. Effect of Spatial and Spectral Resolutions on Weed Detection

Weed detection necessitates high spatial resolution in remote image. It is dependent on the sensors and remote platforms
used 49, The average operational parameters of the UAV sprayer on the spray deposition pattern (2.29 L/cm?) in the
target area were found to be the highest when the UAV operates at the higher speed of 2 m/s and a height of 2 m B9, The
weed distribution maps of the UAV imagery were also generated using a semantic labelling technique. An ImageNet with
the residual framework was adapted in a fully convolutional version and fine-tuned before being uploaded to the dataset.
The field of view of convolutional filters was then extended using atrous convolution; the performance of multi-scale
processing was assessed, and a fully linked conditional random field was employed to refine the spatial features ¥4, As a
result, the ability to differentiate weeds was significantly influenced by the spatial resolution of the image, making the use
of higher spatial resolution images more appropriate 521,

Watt et al. 58 discovered that vegetation indices obtained from multispectral UAV data and satellite data were strong
predictors of weed metrics, with a spatial resolution of 1 m being optimum. To examine classification performance, the
scale of the weed mapping utilizing UAV and multispectral imaging was altered by reducing image resolution, with 1 m
resolution yielding the maximum classification accuracy 4. Mesas-Carrascosa et al. 29 investigated the optimum flight
settings for maintaining spatial accuracy in the bundle adjustment, which were 70% to 40% overlap and altitudes above
ground level (AGL) ranging from 60 to 90 m. At various flying altitudes, the spatial resolution was relatively similar,



allowing us to optimize mission planning, fly at a higher altitude, and increase the area overflow without reducing
orthomosaic spatial quality.

Many weed and crop pixels had similar spectral values at higher altitudes, which might increase discrimination errors.
Hence, an agreement among spectral and spatial resolution is needed to optimise the flight mission according to the size
of the smaller object to discriminate (weed plants or weed patches). As Che'Ya et al. 24 reported the lower flight altitude
will determine the highest spatial and spectral resolution of the imagery, they found that at 10 m flight altitude will help to
detect weeds accurately at less than 1 cm spatial resolution. The imagery showed the weeds patches more clearly and
accurately €9, The weeds are mostly look alike with the plants. Thus, the high accuracy will help to detect the weeds
through the spatial and spectral resolution. Spectral signature can be used to differentiate weeds and plants in the field B2
(611 Not only that, the method to detect the weeds also the main factor to get the accurate classification. Roslim et. al. [62
found that the artificial intelligent (Al) can be used to detect the weeds patches in the rice field. Thus, the used of UAV can
help to gain the highest spatial and spectral resolution in the field.

With the small UAVs, such as Phantom 3 Professional (Da-Jiang Innovations, Shenzhen, China) quadrotor, it is possible
to map 10 ha in 20 min at 40 m flight altitude, which corresponds to the duration of one battery 4. The best date for a
weed emergence prediction model survey was implemented using a UAV with visible range sensors, resulting in an
orthophoto with a spectral resolution of 3 cm, allowing for good weed detection (€3],

References

1. Wang, A.; Zhang, W.; Wei, X. A review on weed detection using ground-based machine vision and image processing te
chniques. Comput. Electron. Agric. 2019, 158, 226—-240.

2. Ranjan, P.N.; Ram, C.J.; Anurag, T.; Nilesh, J.; Kumar, P.B.; Suresh, Y.; Kumar, S.; Rahul, K. Breeding for herbicide tole
rance in crops: A review. Res. J. Biotechnol. 2020, 15, 154-162.

3. Hauvermale, A.L.; Sanad, M.N.M.E. Phenological plasticity of wild and cultivated plants. In Plant Communities and Thei
r Environment; IntechOpen: London, UK, 2019.

4. Smith, J.D.; Dubois, T.; Mallogo, R.; Njau, E.F; Tua, S.; Srinivasan, R. Host range of the invasive tomato pest Tuta abs
oluta Meyrick (Lepidoptera: Gelechiidae) on Solanaceous crops and weeds in Tanzania. Fla. Entomol. 2018, 101, 573-
579.

5. Bréda-Alves, F.; Militdo, F.P.; de Alvarenga, B.F.; Miranda, P.F.; de Oliveira Fernandes, V.; Cordeiro-Aratjo, M.K.; Chia,
M.A. Clethodim (herbicide) alters the growth and toxins content of Microcystis aeruginosa and Raphidiopsis raciborskii.
Chemosphere 2020, 243, 1-9.

6. Mantle, P. Comparative ergot alkaloid elaboration by selected plecten-chymatic mycelia of Claviceps purpurea through
sequential cycles of axenic culture and plant parasitism. Biology 2020, 9, 41.

7. Adkins, S.W.; Shabbir, A.; Dhileepan, K. Parthenium Weed: Biology, Ecology and Management; CABI: Wallingford, UK,
2018; Volume 7.

8. Alvarez, D.O.; Mendes, K.F,; Tosi, M.; De Souza, L.F.; Cedano, J.C.C.; Falcdo, N.P.D.S.; Dunfield, K.; Tsai, S.M.; Tornis
ielo, V.L. Sorption-desorption and biodegradation of sulfometuron-methyl and its effects on the bacterial communities in
Amazonian soils amended with aged biochar. Ecotoxicol. Environ. Saf. 2021, 207, 111222.

9. Beasley, V.R. Direct and Indirect Effects of Environmental Contaminants on Amphibians, 2nd ed.; Elsevier Inc.: Amster
dam, The Netherlands, 2020.

10. Kim, K.H.; Kabir, E.; Jahan, S.A. Exposure to pesticides and the associated human health effects. Sci. Total Environ. 2
017, 575, 525-535.

11. Chen, Y.; Wu, Z.; Zhao, B.; Fan, C.; Shi, S. Weed and corn seedling detection in field based on multi feature fusion and
support vector machine. Sensors 2021, 21, 212.

12. Esposito, M.; Crimaldi, M.; Cirillo, V.; Sarghini, F.; Maggio, A. Drone and sensor technology for sustainable weed mana
gement: A review. Chem. Biol. Technol. 2021, 8, 1-11.

13. Somerville, G.J.; Sgnderskov, M.; Mathiassen, S.K.; Metcalfe, H. Spatial modelling of within-field weed populations: Ar
eview. Agronomy 2020, 10, 1044.

14. Al-Samarai, G.F.; Mahdi, W.M.; Al-Hilali, B.M. Reducing environmental pollution by chemical herbicides using natural pl
ant derivatives—allelopathy effect. Ann. Agric. Environ. Med. 2018, 25, 449-452.



15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

Jensen, H.; Jacobsen, L.; Pedersen, S.; Tavella, E. Socioeconomic impact of widespread adoption of precision farming
and controlled traffic systems in Denmark. Precis. Agric. 2012, 13, 661-677.

Jin, X.; Che, J.; Chen, Y. Weed Identification Using Deep Learning and Image Processing in Vegetable Plantation. IEE
E Access 2021, 9, 10940-10950.

Bahuguna, S.; Anchal, S.; Guleria, D.; Devi, M.; Kumar, D.; Kumar, R.; Kumar, A. Unmanned aerial vehicle-based multi
spectral remote sensing for commercially important aromatic crops in India for its efficient monitoring and management.
J. Indian Soc. Remote Sens. 2021, 1-11, in press.

Rasmussen, J.; Nielsen, J. A novel approach to estimating the competitive ability of Cirsium arvense in cereals using u
nmanned aerial vehicle imagery. Weed Res. 2020, 60, 150-160.

Matikainen, L.; Karila, K.; Hyypp4, J.; Puttonen, E.; Litkey, P.; Ahokas, E. Feasibility of multispectral airborne laser scan
ning for land cover classification, road mapping and map updating. In Proceedings of the The International Archives of t
he Photogrammetry, Remote Sensing and Spatial Information Sciences, Jyvaskyla, Finland, 25—-27 October 2017; Volu
me 42(3/W3).

Yano, |.H.; Santiago, W.E.; Alves, J.R.; Mota, L.T.M.; Teruel, B. Choosing classifier for weed identification in sugarcane
fields through images taken by UAV. Bulg. J. Agric. Sci. 2017, 23, 491-497.

Olson, D.; Anderson, J. Review on unmanned aerial vehicles, remote sensors, imagery processing, and their applicatio
ns in agriculture. J. Agron. 2021, 113, 971-992.

Warner, T.A.; Skowronski, N.S.; Gallagher, M.R. High spatial resolution burn severity mapping of the New Jersey Pine
Barrens with WorldView-3 near-infrared and shortwave infrared imagery. Int. J. Remote Sens. 2017, 38, 598-616.

Orlikova, L. Using Neural Networks for the Extraction of Built-Up Areas from Sentinel-2. In Proceedings of the 8th Intern
ational Workshop on Computer Science and Engineering (WCSE 2018), Bangkok, Thailand, 28-30 June 2008; pp. 308
-312.

Varghese, D.; Radulovi¢, M.; Stojkovi¢, S.; Crnojevi¢, V. Reviewing the Potential of Sentinel-2 in Assessing the Drough
t. Remote Sens. 2021, 13, 3355.

Abascal Zorrilla, N.; Vantrepotte, V.; Gensac, E.; Huybrechts, N.; Gardel, A. The advantages of Landsat 8-OLI-derived s
uspended particulate matter maps for monitoring the subtidal extension of Amazonian coastal mud banks (French Guia
na). Remote Sens. 2018, 10, 1733.

Malamiri, H.R.G.; Aliabad, F.A.; Shojaei, S.; Morad, M.; Band, S.S. A study on the use of UAV images to improve the se
paration accuracy of agricultural land areas. Int. J. Remote Sens. 2021, 184, 106079.

Rodriguez, J.; Lizarazo, I.; Prieto, F.; Angulo-Morales, V. Assessment of potato late blight from UAV-based multispectral
imagery. Comput. Electron. Agric. 2021, 184, 106061.

Cao, Y,; Li, G.L.; Luo, Y.K.; Pan, Q.; Zhang, S.Y. Monitoring of sugar beet growth indicators using wide-dynamic-range
vegetation index (WDRVI) derived from UAV multispectral images. Comput. Electron. Agric. 2020, 171, 105331.

Van Evert, F.K.; Fountas, S.; Jakovetic, D.; Crnojevic, V.; Travlos, |.; Kempenaar, C. Big Data for weed control and crop
protection. Weed Res. 2007, 57, 218-233.

Rydberg, A.; S6derstrom, M.; Hagner, O.; Borjesson, T. Field specific overview of crops using UAV. In Proceedings of th
e 6th European Conference in Precision Agriculture, Skiathos, Greece, 3—-6 June 2007; pp. 357-364.

Mattivi, P.; Pappalardo, S.E.; Nikoli¢, N.; Mandolesi, L.; Persichetti, A.; De Marchi, M.; Masin, R. Can commercial low-c
ost drones and open-source GIS technologies be suitable for semi-automatic weed mapping for smart farming? A case
study in NE Italy. Remote Sens. 2021, 13, 1869.

De Camargo, T.; Schirrmann, M.; Landwehr, N.; Dammer, K.H.; Pflanz, M. Optimized deep learning model as a basis fo
r fast UAV mapping of weed species in winter wheat crops. Remote Sens. 2021, 13, 1704.

Tanut, B.; Riyamongkol, P. The development of a defect detection model from the high-resolution images of a sugarcan
e plantation using an unmanned aerial vehicle. Information 2020, 11, 136.

Islam, N.; Rashid, M.M.; Wibowo, S.; Xu, C.Y.; Morshed, A.; Wasimi, S.A.; Moore, S.; Rahman, S.M. Early weed detecti
on using image processing and machine learning techniques in an Australian chilli farm. Agriculture 2021, 11, 387.

Rozenberg, G.; Kent, R.; Blank, L. Consumer-grade UAV utilized for detecting and analyzing late-season weed spatial
distribution patterns in commercial onion fields. Precis. Agric. 2021, 22, 1-16.

Belcore, E.; Angeli, S.; Colucci, E.; Musci, M.A.; Aicardi, |. Precision agriculture workflow, from data collection to data m
anagement using FOSS tools: An application in northern Italy vineyard. ISPRS Int. J. Geo-Inf. 2021, 10, 236.

Pallottino, F.; Pane, C.; Figorilli, S.; Pentangelo, A.; Antonucci, F.; Costa, C. Greenhouse application of light-drone imagi
ng technology for assessing weeds severity occurring on baby-leaf red lettuce beds approaching fresh-cutting. Span. J.



38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

Agric. Res. 2020, 18, 7.

Khan, S.; Tufail, M.; Khan, M.T.; Khan, Z.A.; Anwar, S. (in press) Deep learning-based identification system of weeds a
nd crops in strawberry and pea fields for a precision agriculture sprayer. Precis. Agric. 2021, 1-17.

Ahmad, F; Qiu, B.; Dong, X.; Ma, J.; Huang, X.; Ahmed, S.; Chandio, F.A. Effect of operational parameters of UAV spra
yer on spray deposition pattern in target and off-target zones during outer field weed control application. Comput. Electr
on. Agric. 2020, 172, 105350.

Fukano, Y.L.; Guo, W.; Uchida, K.; Tachiki, Y. Contemporary adaptive divergence of plant competitive traits in urban an
d rural populations and its implication for weed management. J. Ecol. 2020, 108, 2521-2530.

Huang, H.; Lan, Y.; Yang, A.; Zhang, Y.; Wen, S.; Deng, J. Deep learning versus Object-based Image Analysis (OBIA) i
n weed mapping of UAV imagery. Int. J. Remote Sens. 2020, 41, 3446-3479.

Zisi, T.; Alexandridis, T.K.; Kaplanis, S.; Navrozidis, I.; Tamouridou, A.A.; Lagopodi, A.; Polychronos, V. Incorporating su
rface elevation information in UAV multispectral images for mapping weed patches. J. Imaging 2018, 4, 132.

Barrero, O.; Perdomo, S.A. RGB and multispectral UAV image fusion for Gramineae weed detection in rice fields. Preci
s. Agric. 2018, 19, 809-822.

Tamouridou, A.A.; Alexandridis, T.K.; Pantazi, X.E.; Lagopodi, A.L.; Kashefi, J.; Moshou, D. Evaluation of UAV imagery f
or mapping Silybum marianum weed patches. Int. J. Remote Sens. 2017, 38, 2246-2259.

Mateen, A.; Zhu, Q. Legion based weed extraction from UAV imagery. Pak. J. Agric. Sci. 2019, 56, 1045-1052.

Rasmussen, J.; Nielsen, J.; Streibig, J.C.; Jensen, J.E.; Pedersen, K.S.; Olsen, S.I. Pre-harvest weed mapping of Cirsi
um arvense in wheat and barley with off-the-shelf UAVs. Precis. Agric. 2019, 20, 983—-999.

Tamouridou, A.A.; Alexandridis, T.K.; Pantazi, X.E.; Lagopodi, A.L.; Kashefi, J.; Kasampalis, D.; Kontouris, G.; Moshou,
D. Application of multilayer perceptron with automatic relevance determination on weed mapping using UAV multispectr
al imagery. Sensors 2017, 17, 2307.

Pantazi, X.E.; Tamouridou, A.A.; Alexandridis, T.K.; Lagopodi, A.L.; Kashefi, J.; Moshou, D. Evaluation of hierarchical s
elf-organising maps for weed mapping using UAS multispectral imagery. Comput. Electron. Agric. 2017, 139, 224-230.

Baron, J.; Hill, D.J. Monitoring grassland invasion by spotted knapweed (Centaurea maculosa) with RPAS-acquired mul
tispectral imagery. Remote Sens. Environ. 2020, 249, 112008.

Danilov, R.; Zelensky, R.; Ponomarey, A.; lvanisova, M.; Gasiyan, K. Development of precision methods for remote mo
nitoring of weeds. In Proceedings of the BIO Web of Conferences 2020, Saratov, Russia, 25—-26 November 2020; EDP
Sciences: Lez lli, France, 2020; Volume 21, p. 00003.

Agliera-Vega, F.; Agliera-Puntas, M.; Aguera-Vega, J.; Martinez-Carricondo, P.; Carvajal-Ramirez, F. Multi-sensor imag
ery rectification and registration for herbicide testing. Measurement 2021, 175, 109049.

Revanasiddappa, B.; Arvind, C.; Swamy, S. Real-time early detection of weed plants in pulse crop field using drone wit
h IoT. Technology 2020, 16, 1227-1242.

Lambert, J.P.T.; Hicks, H.L.; Childs, D.Z.; Freckleton, R.P. Evaluating the potential of unmanned aerial systems for map
ping weeds at field scales: A case study with Alopecurus myosuroides. Weed Res. 2018, 58, 35-45.

Kulkarni, A.A.; Nagarajan, R. Drone survey facilitated weeds assessment and impact on hydraulic efficiency of canals. |
SH J. Hydraul. Eng. 2021, 27, 117-122.

David, L.C.G.; Ballado, A.H. Vegetation indices and textures in object-based weed detection from UAV imagery. In Proc
eedings of the 2016 6th IEEE International Conference on Control System, Computing and Engineering (ICCSCE), Pe
nang, Malaysia, 25-27 November 2016; IEEE: Piscataway, NJ, USA, 2016; pp. 273-278.

Yan, Y.; Deng, L.; Liu, X.; Zhu, L. Application of UAV-based multi-angle hyperspectral remote sensing in fine vegetation
classification. Remote Sens. 2019, 11, 2753.

Che’Ya, N.N.; Dunwoody, E.; Gupta, M. Assestment of weed classification using hyperspectral reflectance and optimal
multispectral UAV imagery. Agronomy 2021, 11, 1435.

Watt, M.S.; Heaphy, M.; Dunningham, A.; Rolando, C. Use of remotely sensed data to characterise weed competition in
forest plantations. Int. J. Remote Sens. 2017, 38, 2448-2463.

Mesas-Carrascosa, F.J.; Clavero Rumbao, |.; Torres-Sanchez, J.; Garcia-Ferrer, A.; Pefia, J.M.; Lépez Granados, F. Ac
curate ortho-mosaicked six-band multispectral UAV images as affected by mission planning for precision agriculture pr
oposes. Int. J. Remote Sens. 2017, 38, 2161-2176.

Che’Ya, N.N. Site-Specific Weed Management Using Remote Sensing. Ph.D. Thesis, The University of Queensland, G
atton, QLD, Australia, 7 October 2016.



61. Norasma, C.Y.N.; Alahyadi, L.A.N.; Fazilah, FF.W.; Roslan, S.N.A.; Tarmidi, Z. Identification spectral signature of weed
species in rice using Spectroradiometer Handheld Sensor. In Proceedings of the IOP Conference Series: Earth and En
vironmental Science, Kuala Lumpur, Malaysia, 20-21 October 2020; IOP Publishing: Bristol, UK, 2020; p. 54001209.

62. Roslim, M.H.M.; Juraimi, A.S.; Che'Ya, N.N.; Sulaiman, N.; Manaf, M.N.H.A.; Ramli, Z.; Motmainna, M. Using remote s
ensing and an unmanned aerial system for weed management in agricultural crops: A review. Agronomy 2021, 11, 180
9.

63. Nikoli¢, N.; Rizzo, D.; Marraccini, E.; Gotor, A.A.; Mattivi, P.; Saulet, P.; Persichetti, A.; Masin, R. Site and time-specific
early weed control is able to reduce herbicide use in maise-a case study. Ital. J. Agron. 2021, 1780.

Retrieved from https://encyclopedia.pub/entry/history/show/35797



