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Abstract Site-specific weed management presupposes
the careful monitoring and mapping of weed infestation
areas. Cut-edge sensor technologies coupled with geo-
graphical information systems (GIS) provide the means
for reliable decision-making concerning weed manage-
ment even in sub-field level. In present research, two
different spectral sensing systems were engaged in order
to digitally map weed patches as grown in four different
cotton fields in Central Greece. The systems usedwere a
set of two Crop Circle multispectral sensors ACS-430
and a digital camera Nikon D300S. The spaces between
cotton rows were scanned and photographed with the
two systems accordingly. Raw recorded data were
stored and analyzed in GIS environment producing
spatially interpolated maps of red-edge normalized dif-
ference vegetation index (NDVI) and weed cover per-
centage values. Both mapping approaches were satis-
factorily related to weed distribution as occurred in the

fields; however, the photographic method tended to
underestimate weed populations. Correlation of red-
edge NDVI and weed cover values, at the points where
photographs were taken, as revealed by Pearson’s cor-
relation coefficient was high (r > 0.83) and statistically
significant at the 0.01 level. A first-degree linear equa-
tion adequately modeled (R2 > 0.7) the between value
pair relations, strengthening the validity of the two
methodologies in spatially monitoring weed patches.
The methodologies and the technologies used in the
study can be used for yearly mapping weed flora in
cotton cultivation and potentially constitute a means of
rationalizing herbicide application in terms of doses and
spatio-temporal decision-making.

Keywords Site-specific weedmanagement . Remote
sensing . Spectral indices . GIS . Spatial interpolation

Introduction

Weeds are among the major factors that could harm crop
yield. They can result in the highest potential yield loss
which is estimated around 34% on average, worldwide
(Oerke 2006). They can degrade the quality of the final
product through competition phenomena, host and
spread diseases and pests, prevent harvesting, etc.
Therefore, growers devote a great deal of time and
money in controlling weeds as far as preventing germi-
nation is concerned and/or confronting existing weed
infestations and their consequent adverse effects on crop
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growth. It is also well known that weed chemical control
through the application of herbicides contributes exten-
sively in water pollution, as those compounds are fre-
quently found in groundwater and surface water bodies
(Newbold 1975; Konstantinou et al. 2006; Doppler

et al. 2014). Excessive use of herbicides has led to
increasing herbicide resistance problems (Heap 2014)
resulting in a vicious circle between application and
control. Global environmental awareness and climate
change concerns, in conjunction with the aforementioned

Fig. 1 Study area and the four cotton fields

Fig. 2 Scanning with the
multispectral sensors in field 1
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issues, are calling for the rationalization of weed manage-
ment actions (Ziska 2016).

Weed management schemes exist in various forms
mostly based on crop characteristics; climate and topo-
graphical specific features; anthropogenic and natural
resources; etc. Such systems concern organic weed
management (Hammermeister 2016), crop competition
methods (Van der Meulen and Chauhan 2017), conser-
vation agriculture technologies (Santín-Montanyá et al.
2016), integrated weed management (Deytieux et al.
2012; Vasileiadis et al. 2015), and site-specific weed
management (Dicke et al. 2007; Berge et al. 2012;
Tang et al. 2016). All these different approaches hold
the objective of reducing or eliminating herbicide appli-
cations guided by sustainable agricultural practices. Fur-
thermore, a key component in weed management is
careful monitoring of past and present infestation areas
and of their spatial distribution across a field. Weed
incidence is not homogenous across fields. In fact, weed
populations generally grow in patches (Cardina et al.
1997); however, the most common approach in weed
management is the uniform application of weed control
methods regardless of spatial distribution of weeds. This
practice results in unjustified use of pesticides which is
linked to extra costs and environmental burdens. An
essential precondition for the rational use of herbicides
is the monitoring of temporal and spatial distribution of
weeds (Gerhards and Christensen 2003).

During the last decades, the advance of computer
science and the evolution of cutting-edge technologies

promoted research and experimentation in agricultural
sector and more specifically in weed science. Various
technological means are already applied in sub-field,
field, and catchment scale regarding the detection and
mapping of weeds (Gerhards and Oebel 2006; Tellaeche
et al. 2008). Sui et al. (2008) developed and evaluated a
ground-based weed mapping system which was further
analyzed with remote-sensing and crop growth data.
Everitt et al. (2008) evaluated QuickBird multispectral
satellite imagery for distinguishing the weed giant
salvinia (Salvinia molesta M.) in a large reservoir.
Yang and Everitt (2010) used hyperspectral airborne
sensing data for mapping invasive plant species in both
terrestrial and aquatic environments. Castillejo-

Fig. 3 Images obtained from one sampling point (field 1)

Fig. 4 Taking photographs between cotton rows (field 1)
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González et al. (2014) showed that multi-spectral
QuickBird imagery can be successfully used to map
late-phenological-stage wild oat patches in wheat fields
over large areas, while Pérez-Ortiz et al. (2015) with the
use of an unmanned aerial system proposed a system
for early post-emergence weed mapping in sunflower.
Capturing of weed distribution data was succeeded with
computerized expert systems capable of analyzing ac-
quired datasets and proposing control measures. Towards
decision-making processes in weed control, Parsons et al.
(2009) developed a model-based decision support system
to assist arable farmers and consultants. Montull et al.

(2014) validated the Danish decision support system Crop
Protection Online (CPO) and found that its herbicide rec-
ommendations were satisfactory for the conditions of
Northeast of Spain and had the potential to decrease the
amount of applied herbicides by at least 30%, while
Sønderskov et al. (2015) compared the results of two
herbicide decision support systems with CPO’s outputs
after field experimental trials in winter wheat.

The main objective of the present study was the pro-
duction of accurate digital weed maps in cotton fields in a
Mediterranean agro-ecosystem, with the use of ground-
based sensors, image analysis algorithms, and geographical

Table 1 Digital image processing steps in four photographs regarding field 1

RGB photograph Binary image Weed 
coverage (%)

45.02

3.79

57.75

36.01
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information systems (GIS). The incorporation of two dif-
ferent spectral sensing methodologies coupled with on
ground observations was also expected to yield compara-
ble and useful conclusions regarding the efficiency of each
approach in detecting weed patches. Further, through
geostatistical analysis methods, the delineation of the fields
into discrete weed cover zones was aimed.

Materials and methods

Study area

The study area was situated in Larissa Prefecture, Thes-
saly, Central Greece (Fig. 1). The experimental design
involved two growing periods (2011 and 2012) and four
different pilot fields. The pilot fields were selected to
have different soil characteristics. Preliminary visits to

the area accompanied with visual inspection of several
fields and discussion with local cotton producers de-
fined the final decision. Furthermore, ensuring accessi-
bility and favorable conditions for in situ work were
accounted in the selection process. The first field was
cultivated during 2011 (first year) covering an area of
1 ha near a community called Gyrtoni. The other three
fields, set near the community Omorfochori, were sown
in 2012 (second year) covering 0.1 ha each. All four
fields were sown with cotton cv. Celia, while the dis-
tance between crop rows was 95 cm. In present work,
the four cotton fields will be referred as field 1 (Gyrtoni
(39° 45′ 29 N, 22° 25′ 08 E)), and in Omorfochori, fields
2 (39° 41′ 11 N, 22° 28′ 15 E), 3 (39° 41′ 22 N, 22° 28′
27 E), and 4 (39° 41′ 25N, 22° 29′ 24 E) (Fig. 1). For the
purposes of mapping weed flora, weed germination and
growth were not inhibited either chemically or mechan-
ically, until mapping work was completed.

Fig. 5 Map of between cotton
rows red-edge NDVI by ordinary
kriging in field 1
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Data collection

During first year, in situ weed flora digital recording
took place in field 1, using two ground-based sensor
technologies. These were a pair of multispectral

sensors and a digital camera. First year’s field work
also included ground-truthing observations. More
specifically, multispectral recording took place with
a system of two Crop Circle multispectral sensors
model ACS-430 (Holland Scientific, Inc., Lincoln,

Fig. 6 Map of weed cover by ordinary kriging in field 1
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NE, USA). The sensors were linked to an AgGPS
252 receiver (Trimble Navigation, Ltd.) and to a
data logger model GeoSCOUT GLS-420 (Holland
Scientific, Inc., Lincoln, NE, USA), in order to
record georeferenced data. The main function of
these sensors is based on a transmitter which emits
radiation in the visible and infrared wavelength and
on its corresponding light-sensitive receiver, which
records the radiation reflected from scanned
background.

On mid of first year’s June, field 1 was scanned
with the multispectral sensors which were mounded
on a tractor. The scanning scheme was focused on
weed flora grown between cotton rows, and hence,
the sensors were placed in such positions on an iron
bar beside the tractor so as to target and log spectral
signatures of ground cover between rows. The
height of the bar carrying the two sensors, the GPS

antenna, and the data logger were carefully adjusted
to avoid cotton canopy, which would have resulted
in misleading measurements (Fig. 2).

Digital outputs from scanning work were points
holding coordinate data (spatial information) and
reflectance values in red, green, blue (RGB), red-
edge, near-infrared bands, and values of NDVI (nor-
malized difference vegetation index) and red-edge
NDVI indices (descriptive information). The number
of measurement points was 4025 for field 1. Spatial
distribution of NDVI values as resulted from inter-
polating sensors’ readings guided the selection of
specific in-field positions for visual monitoring of
weed flora. In total, 34 georeferenced points distrib-
uted across field 1 were selected for on-ground
observations.

The digital camera was a Nikon (model D300S)
which was mounted on a tripod, at a height fixed at

Fig. 7 Map of between cotton
rows red-edge NDVI by ordinary
kriging in field 2
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1.2 m above ground level. The camera was used for
taking photographs (red-green-blue bands) at the
selected 34 locations. The procedure concerned the
placement of 9 frames (0.5 × 0.5 m) on the ground
between four adjacent cotton rows, around the

sampling position. The pattern of the frames is pre-
sented in a photo mosaic shown in Fig. 3. The
photos were taken perpendicular to soil substrate
with a resolution of 4288 × 2848 pixels and stored
in jpeg file format for further analyses (Fig. 4).

Fig. 8 Map of weed cover by ordinary kriging in field 2
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Respectively, on mid of second year’s June, the
spaces between cotton rows in the fields 2–4 were also
scanned with one multispectral sensor which was suit-
ably adjusted to a purpose built handheld rod. The
number of measurement points was 1184, 956, and
1068 for the fields 2, 3, and 4 respectively. Following
scanning and according to the interpolated values of the
sensor’s NDVI, 61, 52, and 53 positions were selected
across fields 2, 3, and 4 respectively for photo capturing
between cotton rows. No frames were used during photo
capturing; however, the camera’s height was kept steady
at 1.2 m along field measurements. Regarding the cam-
era’s settings, the aperture range was from f/4.2 to f/14,
the focal length from 18 to 26 mm, and the shutter speed
ranged from 1/400 to 1/1250 s. Ground-truthing work
during the second year was not undertaken; however,
the number of photographs taken per unit area inside
every field was increased comparing to the first year, in

order to strengthen interpolation credibility and weed
coverage representativeness.

Data analysis

Collection of data was followed by digital and map-
ping processes. All field data were imported into a
GIS and stored in a geodatabase. The procedures of
importing, managing, analyzing, and mapping of
data were accomplished using the software package
ArcGIS 10 (ESRI Inc.).

Multispectral sensors’ readings

The red-edge NDVI values were selected as the param-
eter for further analysis because of its sensitivity in
discriminating leaf to ground spectral signatures
(Elvidge and Chen 1995). The transformation of

Fig. 9 Map of between cotton
rows red-edge NDVI by ordinary
kriging in field 3
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measurement points, as mentioned above, in consecu-
tive estimated pixel values of raster files throughout the
area of all four pilot fields, was fulfilled with the use of
the geostatistical interpolation method Bordinary
kriging^ (Wackernagel 1998).

Digital imaging

The recording positions (spatial information) and the
digital numbers in red-green-blue bands of the
photographed background (descriptive information)

Fig. 10 Map of weed cover by ordinary kriging in field 3
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were also mapped. The color images were used to
extract weed cover percentages. Because at the time
of photo capturing the cotton canopy was not closed
and the camera was carefully directed between
cot ton rows, any green area captured was
considered to be weed leaf area. For the extraction
of weed cover values, an algorithm for image
processing was used based on the work of Yang
et al. (2003) and Schuster et al. (2007). The main
operation of the algorithm referred to the binariza-
tion of the images, by applying thresholds in digital
pixel values and was built in MATLAB language
(MATLAB Release 2009, The MathWorks Inc., Na-
tick, MA, US). The algorithm consisted of a step-
wise procedure described as follows:

– Each RGB photograph was cropped at the bound-
aries of the depicted wooden frame.

– The resulted RGB photographs were partitioned to
the three color bands (red-green-blue).

– Comparing in a cell-by-cell basis, the values of
each band and assuming that when the intensity
value of green was greater than both red and blue,
the pixel was considered to represent part of a
weed plant.

– The application of the previous step classified
some shadowed pixels as weeds. In order to
eliminate this shadow effect, produced by tri-
pod’s legs, upper weed leaves, and adjacent
cotton leaves, a pixel having intensity in green
band less than a threshold was not classified
as weed. The selection of the threshold value
was based on trial and error testing.

– The abovementioned two functions produced ac-
cordingly two binary images and their intersection
comprised the final binary image of weed cover.

Fig. 11 Map of between cotton
rows red-edge NDVI by ordinary
kriging in field 4
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– A last algebraic command based on area size
was applied for the removal of individual pixels
or very small segments and for weed cover
percentage calculation.

The resulting value after the algorithm application was
a weed cover percentage per photo captured (Table 1).

Geostatistical method of Bordinary kriging^ was ap-
plied in the case of point weed coverage values in order

Fig. 12 Map of weed cover by ordinary kriging in field 4
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to obtain estimated continuous surfaces in the form of
raster data for each cotton field. For all spatial interpo-
lation results, in order to be geographically comparable,
a common reference grid was chosen as well as the same
pixel size (0.1 m).

Results and discussion

The use of the two systems in the field drew useful
results concerning their practicality and usability. In
comparison, the multispectral sensor proved friendlier
and easier than the camera in taking field measure-
ments. Capturing data with the camera presupposed
the choice of shooting points, going over to every one
of them, positioning the camera system (tripod), and
taking the photos. This process greatly increased the
completion time of the measurements and accordingly
the user fatigue. On the other hand, the operator of the
multispectral sensor simply had to run the selected
scan area either on foot or on a tractor. In terms of
time, the number of records that an operator could take
with the multispectral sensor was higher than the
according number of photos with the camera. Besides,
increasing the number of records will optimize the
spatial coverage of the interest area and thereby one
can obtain a more representative picture of the weed
flora in the region. In essence, the method of weed
mapping using multispectral sensor is safer in terms of
reliability, compared to taking photos. A rather signif-
icant drawback of the multispectral system in use was
its cost which was far higher than that of the camera.
As far as the outcomes of the application of the two
systems are concerned, the interpolated map layouts
of red-edge NDVI and weed cover percentages pro-
duced by the multispectral sensors’ readings and the
photographs accordingly in the four study fields are
presented in Figs. 5, 6, 7, 8, 9, 10, 11, and 12.

According to literature (Gitelson et al. 2006; Clevers
and Gitelson 2013), red-edge bands perform very well
in estimating chlorophyll and nitrogen (N) content
values meaning that indices based on red-edge region
can be used for detecting healthy green vegetation. For
comparability purposes between the maps of red-edge
NDVI (Figs. 5, 7, 9, and 11), the value range of the
index was defined based on the smallest and largest
value recorded in the four fields, as resulted after the
application of the interpolation method. Index’s values
ranged between 0.08 and 0.38 while three value classes
of equal intervals were selected. The first one included
values from 0.08 to 0.18, the second from 0.19 to 0.28,
and the third from 0.29 to 0.38. The common range of
red-edge NDVI values for green vegetation is 0.2 to 0.9
(Sims and Gamon 2002). The areas covered by the three
classes in the pilot fields were different, which indicated
that the spatial distribution of Bgreen^ background dif-
fered as well. The percentage coverage of each class in
each field is presented in Table 2.

Since red-edge NDVI values were recorded between
cotton rows, green vegetation indicated the presence of
weeds. Consequently, data in Table 2 shows that field 3
was more burdened in terms of weeds, followed by field
2 and field 4, while field 1 had the lowest weed pressure.

Table 2 Red-edge NDVI value classes and total coverage area
(%) per class and field

Value class 1 2 3

Range value 0.08–0.18 0.19–0.28 0.29–0.38

Field 1 75.5 24.5 0.0

Field 2 27.6 55.9 16.5

Field 3 15.4 77.3 7.3

Field 4 51.6 47.0 1.4

Table 3 Weed cover classes and total area (%) covered per pilot
field

Value class 1 2 3

Range value 0–22% 23–44% 45–66%

Field 1 35.0 65.0 0.0

Field 2 18.2 52.1 29.7

Field 3 2.4 71.4 26.2

Field 4 78.9 21.1 0.0

Fig. 13 Linear regression between red-edge NDVI and weed
cover values in field 1
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Following the classification of red-edge NDVI
values, the classification of weed cover percentages
was derived after the application of Bkriging^ method
regarding the points of the photographs. The two ex-
treme values observed were 0% and 66%, while three
classes were distinguished with range of 22% each
(Table 3). According to Table 3, it seems that the less
encumbered field in terms of weed presence was field 4
followed by field 1, while fields 2 and 3 appear that
retained in the greater part of their area (> 81%); weed
coverage rates more than 23%. This outcome is consis-
tent with the results of scans with the multispectral
sensor (Table 2) and mainly with the visual observation
of the weed situation prevailing in the fields at the time
of measurements.

Evaluating the mapping products of the two record-
ing methods followed in the study is apparent that in
three of four fields, the Bphotographic method^
overestimated weed coverage in comparison to the
Bmultispectral method.^

The visual comparison or coincidence of the maps
produced by both multispectral sensor data and image
data cannot be realized because in each case, the number
of records is different, thus affecting the results of the
interpolation procedure. This has clear influences on the
spatial interpolation’s results and can be justified in that

there is no proven relationship between the values of
red-edge NDVI and the weed cover rates. The latter is
related to the sensor equipment used and to the physical
characteristics of each field and the weed species grown
in the pilot fields.

In order to investigate possible correlations between
the results of the two techniques, a comparison regard-
ing the pairs of data retrieved at the points of the photo-
graphs was achieved. This led to the possibility of
correlating the red-edge NDVI values with their respec-
tive weed cover percentages per photographed position.
Because the function of multispectral sensor was con-
tinuous in time, there were several measurements taken
in the area depicted in every image, leading to an aver-
age red-edge NDVI value per position and weed cover
rate. As a result, 34 pairs were produced for field 1, 61
pairs for field 2, 52 pairs for field 3, and 53 pairs for field
4. For the dataset of field 1, value correlation was very
strong (Pearson’s coefficient = 0.898 with p < 0.001),
while their plot led to the linear relationship of Fig. 13.

Pearson’s correlation coefficients of the two parame-
ters for the according value pairs of fields 1 to 4 are
presented in Table 4. According to these, the two vari-
ables had a very strong correlation (Pearson’s r > 0.8),

Fig. 14 Linear regression between red-edge NDVI and weed
cover values in field 2

Fig. 15 Linear regression between red-edge NDVI and weed
cover values in field 3

Fig. 16 Linear regression between red-edge NDVI and weed
cover values in field 4

Table 4 Pearson’s correlation coefficients between red-edge
NDVI and weed cover values per pilot field

Pearson’s correlation
coefficient

Number p value

Field 1 0.898 34 < 0.001

Field 2 0.894 61 < 0.001

Field 3 0.837 51 < 0.001

Field 4 0.847 53 < 0.001
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indicating the validity of the work of weed mapping
with both methods used and the statistically significant
relationship that connected them.

The linear regression of the value pairs for fields 2–4
led to the production of Figs. 14, 15, and 16.

According to Figs. 13, 14, 15, and 16, it is observed
that in all four cases, the dispersion model between
red-edge NDVI and weed cover is described satisfac-
torily (R2 > 0.7) with a first-degree linear equation of
type y = α × x + β. Differences in the equations obtain-
ed for the four pilot fields, given that the equipment in
use, the users, and the general methodology followed
were the same, may be attributed to different soil
conditions which are translated into different color
hues. Dark or wet soils reflect less visible and infrared
radiation with respect to lighter ones; hence, differ-
ences in the content of organic matter, moisture, and
stones or gravel lead to different spectral signatures
and indices’ values (Stenberg et al. 2010). In order to
further reveal the statistical correlation of the two
parameters, data from all four fields were added in a
single regression plot (Fig. 17).

According to Fig. 17, the relationship between red-
edge NDVI and weed cover as it is derived from all data
engaged in the survey is linearly modeled (R2 = 0.74).
Pearson’s correlation coefficient is 0.859 in a sum of
199 pair cases with p value below 0.001. In Fig. 17, the
robustness of the resulting relation is better presented
than in each individual field as it is independent of site-
specific characteristics.

Concerning RGB image capturing, the time of the
day at which the photo shooting took place affected
the produced weed cover values, by means of soil and
leaf shading. Indeed, theMATLAB algorithm used for
the binarization and segmentation of the photos was

proven sensitive to various sources of noise, like
shades, and had to be carefully adjusted in time and
field conditions. Specifically, the measurements on
the test field 1 took place at 12:52 to 14:30 noon, on
field 2 were between 10:44 to 12:20 noon, on field 3
between 14:00 and 14:45, and on field 4 between 8:25
to 9:20 in the morning. In all four cases, the sky was
cloud free. In the morning, when solar radiation im-
pacts earth’s surface at an angle, the ground is shaded
to a significant degree from the adjacent cotton plants
and weeds, while at midday, the vertical position of
the sun relative to the earth almost eliminates the
phenomenon of shading. It is possible that if photo
shooting between fields was taken place at the same
time and even around 12:00 at noon in different days,
it would have led to even more correlated results.

Conclusions

The primary objective of this research, which was the
digital recording of the spatial distribution of weed
patches in cotton fields, was achieved with the use of
two ground-based sensing systems in GIS environment.
The production of accurate annual weed cover maps can
be crucial in dealing with weeds at a medium- to long-
term basis. Mapping weeds in a series of growing pe-
riods can lead to the production of predicted weed
distribution maps which will offer better understanding
of the spatial and temporal distributions of weed popu-
lation. This will certainly improve decision-making in
site-specific weed control. Practically, this means that
herbicide requirements can be reduced, having obvious
environmental and cost benefits. Additionally, knowing
weed spatial distributions can direct weed sampling

Fig. 17 Linear regression
between red-edge NDVI and
weed cover values in all fields
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strategies and can provide better estimates of crop yield
losses. Furthermore, the comparative approach of the
methodologies used in the study led to useful results
regarding each output. Correlation and regression out-
comes drew important findings about the optimization
of digital weed mapping. The delineation of weed pres-
ence zones may well be achieved by the two methodol-
ogies, without any of the two to diverge significantly
from real field conditions. Correlation indicators proved
that the according values of red-edge NDVI and per-
centage weed cover produced by the two systems can be
well statistically modeled by a first-order equation. In
conclusion, the combination of in-field weed monitor-
ing accompanied with digital weed mapping will poten-
tially yield the maximum possible utilization of technol-
ogies for weed management. Future research will in-
clude unmanned aerial system (UAS) solutions in weed
monitoring coupled with decision supporting variable
rate herbicide applications. The continuous and rapid
advances in UAS industry offer very high spatial and
temporal resolution imagery at low cost. In combination
with the absence of inaccuracies stemming from inter-
polation methods, UAS monitoring of weed distribution
is a promising alternative to ground-based solutions.
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