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Abstract Decision support methodologies in precision agriculture should integrate the
different dimensions composing the added complexity of operational decision problems.
Special attention has to be given to the adequate knowledge extraction techniques for making
sense of the collected data, processing the information for assessing decision makers and
farmers in the efficient and sustainable management of the field. Focusing on weed man-
agement, the integration of operational aspects for weed spraying is an open challenge for
modeling the farmers’ decision problem, identifying satisfactory solutions for the imple-
mentation of automatic weed recognition procedures. The objective of this paper is to develop
a decision support methodology for detecting the undesired weed from aerial images,
building an image-based viewpoint consisting in relevant operational knowledge for applying
precision spraying. In this way, it is possible to assess the potential herbicide cost reductions
of increased precision at the spraying device, selecting the appropriate weed precision
spraying technology. Findings from this study indicate that the potential gains and marginal
cost reductions of herbicides decrease significantly with increased precision in spraying.

Keywords Precision value - Precision spraying - Image-based viewpoint - Image analysis -
Expert knowledge - Weed recognition

Introduction

It is commonly accepted that in the field of precision agriculture, the use of technologies
helps in identifying and managing spatial and temporal attributes within fields to achieve
efficiency and sustainability of land resources (Bongiovanni and Lowenberg-Deboer 2004;
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Pedersen et al. 2004). In a study by Jensen et al. (2012), it is assumed that herbicide
application can be reduced between 40 and 60% in cereals with site-specific application.
Gutjahr and Gerhards (2010) have found potential savings for herbicides in between 60 and
77% for broad leaved and grass weeds, respectively.

In particular, concerning field management tasks such as the control of undesirable
weeds among crops, intelligent support is needed for decision making on where and how to
treat those weeds site-specifically. Hence, decision support methodologies should integrate
timely data collection, data processing and management actions, aiding the efficient and
sustainable management of the field (Kitchen 2008).

Unmanned aerial vehicles (UAV) have an attractive potential given their low opera-
tional costs and flexible driving (e.g., adjusting height-resolution of the image), offering
the means of mowing cameras all over the field without harming the crop (for a recent and
detailed overview on the adoption of UAVs in weed research see Rasmussen et al. 2013).
The obtained images can be either stitched together into a weed map, showing the position
and the distribution of weeds (see e.g. Pefia et al. 2013; Rasmussen et al. 2013), or can be
smartly interpreted for learning the characteristic visual attributes of the weed-objects,
saving on the added costs related to map construction tasks, and even allowing treating
weeds in situ upon detection.

Images alone hold rich information on the conditions of the field. From a computational
perspective, they hold pixel-data which have to be understood in an efficient and reliable
way for extracting the desired knowledge. Based on such knowledge, it is possible to
develop sound and useful decision support for farmers and decision makers in information-
intensive practices in agriculture (see Fountas et al. 2006; Sorensen et al. 2010).

With this purpose in mind, an efficient weed-recognition algorithm is required for
extracting information from aerial images. Here it is acknowledged that the detection and
identification of weeds under a wide range of conditions stands as one of the greatest
challenges for weed control systems (Slaughter et al. 2008). Hence, we propose a first basic
approach to characterize weeds and verify their existence by learning from examples given
by expert knowledge.

The relevance of this proposal is also grounded on the lack of attention that in general
has been given to the use of knowledge extraction technologies in precision agriculture
(Bullock et al. 2007). These technologies allow handling the different sources of infor-
mation, e.g. sensor readings or high precision images, arriving at the recommended
decisions (actions) regarding the optimal management of the fields. Therefore, our proposal
addresses the integration of data processing techniques together with data collection
practices and management actions, examining the increasing value of information in
precision agriculture (see again Bullock et al. 2007).

The objective of this paper is to develop an integrated decision support methodology,
detecting the undesired weed from aerial images and building an image-based viewpoint,
consisting in relevant operational knowledge for applying precision spraying. In this way,
it is possible to assess and discuss the potential value—in terms of herbicide cost reduc-
tion—from increased precision levels at the spraying device.

Therefore, we suggest an efficient methodology for building an image-based viewpoint
from an automatic weed recognition procedure, namely the WR algorithm. The whole
system facilitates the interaction of the user for incorporating new sample images, thus
updating its outcome with the new conditions of the field. The proposed procedure for
detection of undesired weeds is based on fuzzy reasoning (Klir and Yuan 1995; Zadeh
1975), a soft computing technique that represents the experts’ knowledge under different
levels of precision. In this way, the use of fuzzy concepts and decision rules for image
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analysis (see e.g. Bardossy and Samaniego 2002; Benz et al. 2004; Lucas et al. 2007) can
be coupled with different sources of information, such as spatial or sensor data (see e.g.
Tagarakis et al. 2013), for knowledge extraction and decision-making purposes in precision
agriculture (see Hemming and Rath 2001; Meyer et al. 2004, for some specific applications
to weed image-based fuzzy classification).

The results of the image processing method (here obtained by means of the WR algo-
rithm) can then be used by the user for deciding how to treat weeds. In particular, the
handling of weeds can be done in correspondence with the distribution and size of the
detected weeds in the field, determining the type of fechnology that should be used for
reducing costs and maximizing efficiency. This technology refers to the use of GPS and
injection-based sprinklers for spraying herbicide, but the whole system approach could also
be developed towards an autonomous (robot-based) eradication or UAV-spraying mech-
anisms. This proposal, which extends the initial proposal of Franco et al. 2015, presents an
efficient procedure which can be used for developing an autonomous decision support
system, where aerial images are in fact the source of information for the identification of
weeds. The autonomous system would be capable of detecting the undesired weed in the
field, offering an image-based viewpoint aiding the user (farmer/expert or decision maker)
to better understand the conditions of the field and decide on the appropriate precision and
technology for treating weeds. In order to integrate the value of precision spraying within
the decision support methodology, a simple spray/no-spray site-specific herbicide appli-
cation case is explored, articulating data collection and processing with operational actions
for thistle control in a mature cereal crop. Under this setting, the decision support
methodology is formally introduced, followed by some results and discussion regarding the
optimal spraying precision. Finally some concluding remarks are given together with
suggestions for future research.

Site-specific herbicide application in practice

Research into variable application of pesticides has mainly focused on herbicides, although
some research is also carried out within the area of fungi detection and variable application
(Pedersen 2003). Preventive and site-specific treatment with insecticides is complex since
insects are difficult to monitor on the field, whereas some weeds and some fungi have a
tendency to concentrate in patches. Nevertheless, weeds can hardly be considered as a
stable factor in the field. On the other hand, armers are aware of the potential savings of
chemicals from precision farming within the field, although they also have reservations
about the potential benefits due to technical difficulties and lack of decision support sys-
tems when using site-specific technologies (e.g. Pedersen et al. 2004).

Variable-rate application can be achieved in many ways, from varying turning on/off
sprayers and regulation of speed and tank pressure to advanced high precision control of
individual sprayer sections and nozzles (see e.g. Grisso et al. 2011). Conventional boom
sprayers are usually mounted with a water tank with chemicals that are mixed with water.
Usually 2-3 different chemicals are mixed at a time for each treatment. To conduct
variable rate application, some sprayers are equipped with devices to regulate the amount
of chemicals on the run. A GPS-receiver and a tractor-computer can be installed in order to
regulate and carry out variable rate application of pesticides. Conventional boom sprayers
can also be divided into different sections to enable site-specific application along the
boom. An example for this application is the Sensispray development project, in which a
27 m length boom sprayer with seven sections was equipped with sensors to control spray
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volume per boom section, having a length of about 3-4.5 m for each section (van de Zande
et al. 2009).

Farmers’ spraying strategies usually require a previous mixture with the exact amount
of water and expected application of active ingredients before spraying. Hence, they need
to estimate the precise amount for each ingredient for that particular area to avoid emp-
tying the tank after each operation in the field. This common technique however, which has
been used for many years, conflicts with the idea of variable treatment in which the farmer
should strive to reduce the amount of herbicides on areas with no weeds (Pedersen 2003). It
requires that the farmer knows in advance the exact amount of chemicals that he will apply
on the field. As there are some practical difficulties with pre-mixed herbicides for variable
rate and patch spraying, it is vital that site-specific spraying systems (1) work with a
separate load of ingredients, i.e., water and chemicals and (2) efficiently use the knowledge
of weed attributes and distribution for estimating the desired herbicide composition. In the
first case (injection) weed distribution could be applied by using cameras and software
simultaneously with the spraying. In the second case (no injection, but pre-mixed herbi-
cides) weed monitoring, mapping and dosage calculation is needed in advance.

Injection sprayers stand as an efficient solution, where the various undiluted chemicals
are kept in a container, separated from the water tank. Water is then pumped through the
nozzles and thereafter injected with the chemicals (Walter and Heisel 2001). Commercial
injection systems usually have about five chemical containers for different chemical
ingredients. With the injection system there are no leftovers after the spraying job is carried
out and there are no additional chemicals in the water tank. An injection system can in
principle be mounted on any hydraulic sprayer. Although several systems are commercial
available, the injection system sprayers still need further improvement in regard to reaction
time, cleaning of containers and relatively high costs (Anglund and Ayers 2003).

The ultimate site-specific weed management strategy is the one that applies one drop of
herbicide per weed crop. This strategy was tested by Lund et al. (2006), by using micro-
spray tubes that individually open and close with solenoid valves. In a field with 100 weed
plants per m? and 20 tubes per 100 mm, it was possible to obtain 84% weed control
efficacy by using as little as 27 g of glyphosate per ha. Even a slightly reduced precision
with traditional herbicides may result in a significant reduction in herbicide use. Lund et al.
(2008) has shown that vision-based spraying techniques can treat the surface of the field in
small 100 x 100 mm cells with a dosage requirement that does not differ significantly
from the dosage used for conventional boom spraying. This approach could potentially
reduce pesticide use by 50-70% compared to conventional boom spraying.

Compared to a full dose of conventional herbicides the micro-spraying system offers a
potential saving of 10-20 € per ha and the cell-spraying system offers a saving of 5-14 €
per ha. The main question is, however, if the cost reductions can justify the investment for
a system with all the required remote controlled micro-tubes, cell-sprayers and image/
video devices for real-time detection of weed or high precision weed maps in combination
with RTK-GPS technology. On the other hand, the capacity of high precision systems is
another challenge for their commercialization. Despite of low capacity, a small 1 m micro-
sprayer could, however, be enough if the system was un-manned and RTK-GPS guided.
High precision micro-tube systems are not yet available and affordable for farmers, and the
video guided cell-spraying systems are only commercially available for crops established
in rows.

For conventional broad-sown crops like winter wheat and spring barley, a higher pre-
cision and reduced herbicide consumption could, however, be achieved by using traditional
boom sprayers equipped with remote control of the individual nozzles or boom sections. In
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case of a traditional boom sprayer, having between 2 and 4 nozzles per m, the spraying
precision with section length with remote control of each and every nozzle would be
250-500 mm. Considering a weed density varying from 25 to 200 plants per m?, and a
precision between 250 and 500 mm, would most likely result in a full spraying of the field.
Hence, a precision of 30-100 mm would be needed to significantly reduce the pesticide
use. However, in that case, the cost savings of reduced herbicide would not be sufficient to
pay for video devices, weed mapping, RTK-GPS equipment, and remote controlled sole-
noid valves for individual nozzles or boom sections. To make a 250-500 mm precision
spraying profitable, a high, patchy variation in the weed density and distribution would be
required, as is the case for thistles and couch grass, which tend to grow in colonies,
patches, spots, and clusters.

In this way, to estimate the value of a more precise spraying, the collection and pro-
cessing of image data has to identify not only where to spray, but also offer a general
overview of the weed density and distribution of patches and weed free areas. Here, the
knowledge on the weed distribution is crucial for estimating the cost associated with
different precision technologies, and choosing the optimal precision technique to be
adopted.

Materials and methods
Chemical control of thistles and coach grass

Thistle (Cirsium Arvense) and couch grass (Elymus Repens) are common and wide spread
perennial root weeds in Danish fields. Unlike most other weed species these weeds cannot
be effectively controlled by herbicides in the early growth stages of the cereals, and both
species tend to appear in spots and clusters. Chemical control of thistles normally takes
place in cereals like winter wheat and spring barley, by using MCPA (4-(2-methyl-4-
chlorophenoxy)acetic acid) products at growth stage 39 when flag leaf ligule is just visible
(Zadoks et al. 1974) or by using glyphosate products (e.g. Roundup®©) either a few weeks
before harvest or in the stubble after harvest. The most efficient chemical control of couch
grass takes place a few weeks before harvest. Consequently, efficient chemical control of
coach grass and thistles can take place, at a growth stage where patches of both weeds are
green and easily detectable in the almost mature and yellow cereal. Thistles require a
higher dose than the coach grass and the chemical is applied no later than 10 days before
harvest (Middeldatabasen 2017). The glyphosat solution holds 450-480 g active ingredi-
ents per liter.

Instrumentation

In the experiment used here to illustrate the proposal, images were captured by a hexa-
copter equipped with a standard RGB camera with a 10 megapixel CCD sensor (further
details on the collecting of data can be found in Rasmussen et al. 2013). These images were
taken from mature barley (Hordeum Vulgare) fields located at Taastrup, Denmark, infested
with thistle. The computational procedure for the WR algorithm was developed in Matlab,
where images were treated according to their basic pixel-color composition, such that each
pixel has associated three dimensions regarding the red, green and blue components.
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Expert knowledge on undesirable weed

Experts (such as farmers) introduce their knowledge into the system by identifying, over a
representative set of sample images, some examples of undesired weeds. This can be done
by drawing directly on the images, so that the system can properly characterize the
attributes of pixels belonging (up to a given extent) to the target weed object. In this way,
experts can be as precise as they want, by drawing a broad area (rather imprecise sampling)
or indicating the exact boundary between the undesired and the desired weed (Fig. 1a).
Notice then that the more precise the sampling is, the better the outcome of the system
(based on the WR algorithm) can be. Nonetheless, it is acknowledged that a completely
precise sampling may not be obtained. Take e.g., a given pixel or group of pixels sharing
the properties of being both a member of the two classes (1) desired and (2) undesired
weeds (as shown in Fig. 1b). Then, the pixel(s) cannot possibly be assigned to any of the
two classes with absolute certainty, because there is some gradual fuzziness when trying to
crisply define borders in between desirable and undesirable weeds.

The WR algorithm

As mentioned above, the precision in the sampling provided by the experts may vary
according to the exactness in which they identify the target weed object. Hence, the model
for detecting weeds, based on that input knowledge, has to be capable of handling different
levels of precision provided by different experts. In this sense, fuzzy logic (Zadeh 1975) is
an appropriate tool for designing a general and reliable representation of expert knowledge
(see e.g., Franco 2014), in particular when dealing with the different image-data that can be
introduced into the model for detecting the pixel-color characteristics of weeds.

First, let us define a fuzzy set, which generalizes the classical notion of a crisp set. A
fuzzy set W is characterized by its membership function py:P — [0, 1], such that
uw(p) € [0, 1] expresses the degree up to which p € P belongs to W. Here, W is understood
as the fuzzy set representation of the actual weed, whose elements are collections of pixels
belonging to it under different degrees of intensity.

Now, based on the experts’ sampling, the reference sets R, B and G are defined,
respectively containing all the different values for the red (), blue (b) and green (g)
components of the pixels that are known to belong to the target weed object. Therefore,
given any image M, composed by n x m pixels, every pixel x; = (r, b, g), i = 1,..., n,
j = 1,..., m, can be examined to determine if it fulfills the minimum requirements to be
considered an element of W. In formal terms, for any pattern x;; = (, b, g) and given a set
C of reference pixel-values, such that C = R x B x G, the minimum requirements for a
(pixel) pattern to be considered as part of a weed object are such that x; € C holds if and

Fig. 1 The a sampling for
cirsium arvense and b a group of
pixels sharing the properties of
both classes (1) and (2)
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only if re R, b € B, and g € G hold true. Hence, taking the normalized values for every
pattern x; = (v, b, g), the following function is defined,

“C(xij) : [07 l]3 - {07 1}7 (1)

such that uc(x;) = 1 if and only if x; € C; puc(x;) = 0 otherwise.

Building on this initial characterization of pixels, weed objects can be automatically
detected by examining cells of k x k pixels and identifying the number of pixels that verify
the minimum requirement of being in fact elements of C. Thus, the greater the proportion
of pixels belonging to C, the greater it will be the membership degree of the entire cell to
the fuzzy set W.

In this way, for every cell py., € M, the intensity of membership uy(p) is computed
according to the following expression,

k

m(p) = “]f(xxi]i) : (2)

i=1 j=1

Notice that by defining a confidence threshold ¢,0<@ <1, it is possible to evaluate
Eq. (2) such that ¢ represents the minimum intensity required for classifying the cell as
being a weed object. Here, both k and ¢ are free parameters that have to be calibrated while
tuning the WR algorithm, adjusting the error of classification for the effective detection of
weed objects.

In summary, the WR algorithm can be formulated as follows:

Input: A set S with sampled images, a set [ with the crop aerial images and the
parameters k and ¢.

(WR-1): Based on S, identify the reference set C.

(WR-2): For every image M € I, and for every pixel x; € M, compute the value of
uc(x;;) according to Eq. (1).

(WR-3): For every image M € I, and for every cell p;., € M, compute the membership
degree uy/(p) based on Eq. (2), such that p is classified as a weed object if it is verified that
1wAp) = .

Output: For every image M € I, the detected weed objects.

The decision support system methodology

The outcome of the WR output can be used in different ways. On the one hand, it can be
directly used, e.g. by a conventional field sprayer, an herbicide equipped drone or an
autonomous robot, acting upon detection of the undesired weed; on the other hand, it can
be used as decision support, aiding the management actions and the treatment of weeds in
the field. Then, based on the detected objects, an image-based viewpoint is obtained,
generating new knowledge on the weeds needing treatment and the type of actions that
should be taken.

The image-based viewpoint consists in a collection of WR-processed images. Associ-
ated with this viewpoint there is knowledge on relevant matters such as the distribution and
size of weeds, supporting a recommended course of action for an optimal treatment of the
field. It allows tuning up the instruments used in handling weeds. In particular, it allows
determining the rate of herbicide application together with the size of herbicide sprinklers,
as it will be explored in the following section.
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Here it is noted that choosing a specific technique for treating weeds depends on the
specific costs of its implementation and its associated use of resources (see e.g., Thompson
et al. 1991; Slaughter et al. 2008). Then, an optimal technology can be identified taking
into account the costs of implementing the technology and the gains and/or savings
associated with its efficient and sustainable use of herbicide. The usage of herbicide can
then be effectively reduced with respect to a homogeneous treatment, by spraying in
function of the characteristic attributes and distribution of the detected weed objects,
subject to efficiency and sustainability restrictions.

It can be conjectured that the higher the precision in which technology (sprinklers) can
be adjusted, the higher it will be the saving of herbicide, up to the extent that the
implementation costs justify the investment that precision entails.

Overall, the decision support system automatically processes all the available images of
the field (based on the WR procedure), and based on the detected weeds, supports the
actions required for the optimal management of the field. Any time that the farmer needs to
do so, new knowledge can be introduced into the system, sampling new images for
updating the conditions of the field. As a result, technology can be adjusted to properly take
care of the detected weeds.

Integrating the value of increased precision

Given the thistle distribution, and based on the image-based viewpoint, thistle clusters are
identified with varying location, number and size. Then, in order to explore the (marginal)
value of precision for spraying, we consider a boom section spraying technology composed
by multiple (management) Remote Control (RC) units.

The number of RC units (z), i.e. nozzles or boom-sections, is represented by a function
of the total length of the boom (/) and the length of each unit (w), where / > w, such that,

z=1/w. (3)

Notice that the precision of the spraying holds an inverse relation with respect to the
length of the units, and thus, a positive relation with respect to its number (i.e. the smaller
the units, the greater the precision, and hence, the greater the number of units there will
be). In this sense, precision can be grasped through the meaning of z.

The relative sprayed area (S) can then be measured by a monotone (e.g. power) function
with respect to the precision of spraying (z), such that,

N
S:y—i-ozz/}:y—koc(;) =y +alfw? (4)

where the y agrees with the infested area. l.e., given an ultimate level of precision, the
sprayed area (S) would eventually match the infested area, being verified that S = y
Therefore, the marginal change in the sprayed area, measured as a function of the last
engaged unit, is given by,
AS A
= _ (B-1) — - ) 5
A= e of (W) (5)
Overall, the value of increased precision, under this basic approach, solely depends on

the subsequent herbicide cost reductions. For the simulation of the spraying, thistles
clusters are treated with 2 L per ha of the herbicide Roundup Flex©, with a content of
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480 g of glyphosate per liter and a total cost of around 22 € per ha, including Danish
taxation of 9 € on the pesticide load (Middeldatabasen 2017). The value of a more precise
application heavily depends on the density and distribution of the thistles, but the herbicide
cost reduction will never exceed 22 € per ha.

Following Eq. (3), the precision of the spraying is expressed in terms of the number of
remote controlled boom sections. Neither the kind of equipment that is needed to increase
the precision, nor its costs are taken into account. Instead, the reduction in herbicide costs
per extra remote controlled boom section is taken as the principal objective for the weed
spraying actions. The herbicide costs are computed by the multiplication of the sprayed
area (S) and the cost of a full herbicide dose (H), and consequently, based on Eq. (4), the
marginal value (v) of an extra unit becomes a function of length of the sprayer (/), the
length of the units (w) and the cost of a full herbicide dose (H), such that,

7\ -1
v(H,l,w) = Haf (—) . (6)
w

Two characteristic cases for precision spraying are simulated. The first one has eight
significant patches and many small patches covering 10.9% of the total area. The second
case has eight concentrated thistle patches per ha, covering 10.0% of the whole crop area.
In both cases the field is sprayed with a 40 m boom having different precision, i.e.,
containing 40, 20, 8, 4, 2 or 1 spraying unit(s) (in total, six different precision scenarios).

Results
The WR algorithm applied to thistle detection in barley fields

Based on a set of images taken by a UAV on the barley crops, the WR algorithm has been
calibrated for determining the acceptable values for the parameters k and ¢. First, fol-
lowing the sampling process from experts, the reference set C is defined. Then, images are
examined pixel by pixel, computing the pixels’ membership to C, and inferring the
occurrence of weed objects according to the WR algorithm.

As illustrated in Fig. 2a, pixels are classified one by one in a given image as being
candidate members of a weed object (the selected pixels are in fact candidates). Different
clusters of pixels configure a weed object, while other scattered pixels are outliers, pointing
out coincidences between the color components of thistle and barley weeds. Thus, rec-
ognizing that real weeds (such as thistle) cannot be captured by a single pixel, but by a
collection of adjacent pixels, weed objects are then properly identified by means of pixel
cells, as shown in Fig. 2b.

The calibration for the parameters k and ¢, necessary for tuning the algorithm in step
(WR-3), is developed by optimizing the classification error so it is as close as possible to 0.
Here, the error is positive according to the number of pixel-cells that are wrongly classified
as weed objects, and it is negative according to the number of weeds missing proper
identification, i.e., that are passed over by the detection procedure and are not tagged by
any weed object. Table 1 shows some examples of the error arising from the combination
of k = 15 and ¢ = 0.3, where 2 weed objects are wrongly identified, or from k£ = 20 and
¢ = 0.3, where 1 weed is missing proper identification.

Once the values for the parameters have been adequately determined (here they have
been set up to k = 15 and ¢ = 0.4), the model can be validated on another set of images in
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Fig. 2 Detecting the weed
objects by algorithm WR,

a identifying candidate pixels and
b grouping them into weed
objects by means of pixel cells

Table 1 Different combinations for k and ¢, with their associated classification error

[k, ] Classification error
[15,0.3] 2

[20,0.3] -1

[15,0.4] 0

the same field. The validation results show no misclassification error, i.e., the weed objects
are properly identified when examining a different set of images from the ones used before.

The value of spraying with increased precision

The results for the two cases on precision spraying are shown in Table 2, having the
estimated parameters for Eq. (4) and the respective results for the sprayed area (S), as well
as the marginal value of an extra Remote Control (RC) spraying unit. As stated in Eq. (6),
the marginal value of an extra RC spraying unit (v) depends on herbicide cost (H) and
length of both the sprayer (/) and the RC spraying unit (w), whereas the sprayed area
(S) solely depends on the precision of the spraying (z).

Figures 3, 4 and 5 present the general overview for the simulated spraying of the weed.
In this way, Fig. 3 presents the results from estimating the sprayed area as a function of the
number of the RC spraying units per 40 m, while Fig. 4 refers to the estimation of the
sprayed area as a function of the length of the RC spraying units. In consequence, the
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Table 2 Estimated values for y, « and f5, and derived functions (Eqgs. 4, 6) for sprayed area and marginal
value of extra RC spraying units

Cases y o p R? Sprayed area Marginal value of extra RC
(S) Eq. 4) spraying units (v) Eq. (6) [€ per
unit per ha]
1. Many, 10.9% 0.56 —0.73 99.6% 10.9% + 3.8%w*" (405 )"
scattered
patches
2. Few, 10.0% 029 —101 99.7% 10.0% + 0.68%w""' 0.289(2)*"' 1
significant
patches
50% - |
*
40% g | # Case 2 - Many, scatteret patches
*
© \
@ 30% “ M Case 1 - Few, consentrated patches
©
]
]
>
o
Q
()
0% T T T T L) T T T T T T 1

T T T
0 5 10 15 20 25 30 35 40 45 50 55 60 65 70 75 80
Number of RC spraying units per 40m

Fig. 3 Results from estimating the sprayed area as a function of the number of the RC spraying units per
40 m (points are simulated values, and lines are calculated by using Eq. (4))

70%
# Case 2 - Many, scatteret patches

60% | M Case 1 - Few, consentrated patches
50%
40% |

30% |

Sprayed area

20% -

10%
0% T T T T T T T T 1
0 5 10 15 20 25 30 35 40
Length of RC Units (m)

Fig. 4 Results from estimating the sprayed area as a function of the length of the RC spraying units (points
are simulated values, and lines are calculated by using Eq. (4))

marginal reduction in the herbicide costs seems to be significantly decreasing with respect
to the number of RC units (see Fig. 5).

The key figures for spraying, herbicide costs, and marginal cost reductions are shown in
Tables 3 and 4, respectively for each case and six precision scenarios. It can be seen that
the simplest and most profitable increase in precision comes from turning the full meter
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10,0
9,0 == Case 2 - Many, scatteret patches
8,0
7,0
6,0 1
5,04
4,0
3,01
2,04
1,0

0,0 T T T
0 1 2 3 4 5 6 7 8 9 10

Number of RC spraying unites per 40m

== Case 1 - Few, consentrated patches

Marginal cost reduction
(€ per unit per ha)

Fig. 5 Results from estimating the marginal cost reduction [€ per ha] per additional RC spraying unit as a
function of the number of RC spraying units Eq. (6)

boom sprayer on (and later off) every time it passes a weed patch. Such an increase in
precision reduces the herbicide cost by 35-60%, respectively equivalent to a 7.36-13.51 €
per ha reduction, compared to a uniform spraying of the whole area (see again Tables 3, 4).

On the other hand, by using an extra switch, the 40 m boom will act as two individual
RC units, each with a length of 20 m. Whereas the first switch reduces the herbicide cost
by 7.36 and 13.51 € per ha, respectively for cases 1 and 2, the second switch only reduces
the cost by 4.85 and 3.17 € per ha (again, with respect to both cases). With two more
remote controlled units, the length of each remote controlled unit is decreased to 10 m, and
the herbicide costs are reduced, respectively, from 9.78 to 5.32 € per ha to 6.86 and 3.75 €
per ha, equivalent to an average of 1.46 and 0.79 € per ha per unit. Hence, the marginal
herbicide cost reduction of the last (extra) unit is estimated to be 0.81 and 0.39 € per ha per
(10 m) unit. In the same way, there is a marginal herbicide cost reduction of 0.25 and
0.10 € per ha per (5 m) unit. Overall, the higher the precision, the more units are needed,
and at the same time, the marginal reduction in the herbicide costs seems to be significantly
decreasing (see again Fig. 5).

Discussion

One of the main advantages of the WR automatic recognition procedure is the saving of
resources (time and effort in identifying weeds from aerial images), as farmers only have to
focus on a small amount of representative samples which can then be used by the system to
learn the visual attributes of the target weed object. Therefore, the system can handle a
very large amount of images without extra costs, while replicating the human
(farmer/expert) knowledge on weed detection.

The inclusion of an interactive phase between the system and the user/expert allows
handling well known difficulties in developing a sound image-based system. The diffi-
culties usually refer to the obscuration of weed by the crop, the required resolution of the
images and the lack of consistency in discriminating weed from crop characteristics
(Thompson et al. 1991). The preliminary results obtained here show that at the mature
stage, barley and thistle can be efficiently distinguished under a standard image resolution
based only on the 3-color decomposition of the weed objects.

Regarding the management actions and the implementation of selective herbicide
application, the relevance of the image-based viewpoint in the whole decision system is
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Table 3 Simulated herbicide application for case 1 (field infested with many scattered thistle patches),
together with reduced costs for different precision scenarios, with RC units of different length

Image-based viewpoint

]
and weed distribution® . . ? -.1
P
4 b
" 5 =3
= k=
————
= =
————— - —
. » = #
. L4 .
» 3 -
==5
el — |
E
RC units per 40 m 0 1 2 4 8 20 40
RC unit length (m) 40 40 20 10 5 2 1
Sprayed area (%) 100% 65.0% 46.5% 32.6% 22.7% 16.5% 14.1%
Herbicide costs per ha (€ per ha)
Herbicide costs 22.0 14.64 9.78 6.86 5.09 3.78 3.23
Total reduction” 7.36 12.22 15.14 16.91 18.22 18.77
Marginal reduction 7.36 4.85 2.93 1.77 1.31 0.55
Marginal herbicide cost reduction per RC unit (€ per ha per unit)
Average 7.36 4.85 1.46 0.44 0.11 0.03
Last RC unit® 8.91 2.69 0.81 0.25 0.05 0.02

? Green = thistles, all sprayed, yellow = no thistles, but sprayed, red = no thistles and not sprayed)
® Herbicide cost reduction relative to 100% sprayed area with zero RC units
¢ Calculated by using Eq (6) and estimated values (Table 2)

critical; as it allows detecting the presence and concentration of weeds for its efficient and
sustainable treatment (see e.g. Stafford and Miller 1993, for the importance of weed
detection in selective herbicide application). Going beyond the weed detection mechanism,
and integrating the three areas dealing with recollection of data, data processing and
management actions, the complete decision system can be examined under a unified
framework for understanding its complexity and evaluating its overall performance.
Eventually, the improvement that precision agriculture has over conventional man-
agement must be evaluated in terms of profitability and environmental impact, both in the
short and the long term (Whelan and McBratney 2001). The potential of site-specific
management lies in reducing the cost of inputs and environmental impact, while keeping
risk at an acceptable level (Heermann et al. 2002). The results of the image-based decision
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Table 4 Simulated herbicide application for case 2 (field infested with a few significant thistle patches),
together with reduced costs for different precision scenarios, with RC units of different length

Image-based

viewpoint and weed ‘
disibution® N B =5 I § O § R
| u . " N
. . - L .
- . -
. L -
RC units per 40 m 0 1 2 4 8 20 40
RC unit length (m) 40 40 20 10 5 2 1
Sprayed area (%) 100 38.6% 24.0% 17.2% 13.6% 11.2% 10.4%
Herbicide costs per ha (€ per ha)
Herbicide costs 22.0 8.49 5.32 3.75 2.97 2.50 2.35
Total reduction® 13.51 16.68 18.25 19.03 19.50 19.65
Marginal reduction 13.51 3.17 1.57 0.78 0.46 0.15
Marginal herbicide cost reduction per RC unit (€ per ha per unit)
Average 13.51 3.17 0.79 0.19 0.04 0.01
Last RC unit® 6.36 1.58 0.39 0.10 0.02 0.00

* Green = thistles, all sprayed, yellow = no thistles, but sprayed, red = no thistles and not sprayed)
® Herbicide cost reduction relative to 100% sprayed area with zero RC units
¢ Calculated by using Eq (6) and estimated values (Table 2)

system could be properly tested regarding the optimal risk strategy for uniform or variable/
specialized management of the field.

The analyzed thistle and spring barley example is an exceptional case. The marginal
gains are relatively small with a high accuracy of the equipment — and the question is to
what extent the cost savings from this high degree of accuracy can cover the additional cost
of site-specific precision in terms of small controlled sections on the boom sprayer. The
results from Tables 3, 4 indicate that the potential gains and marginal cost reductions of
herbicides decrease significantly when shifting from uniform application, to on/off appli-
cation and further on to small 1 m length sections.

In practice, weed grows in patches, and is controlled by using herbicides with a broad
application (e.g. glyphosate). Most herbicides are, however, normally applied at an early
development stage of the crop. Besides, herbicides can’t harm cereals that are almost
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mature. Even though some problematic weed species grow in patches, some weed types
may grow almost anywhere implying that detection and identification of individual,
overlapping green weed species is complicated. Here, precision spraying with selective
herbicides and software with ultra-precise weed detection, such as a future commercial and
tested version of the WR algorithm, could be the best option for precision spraying in
cereals.

For crops established in rows (like beets and potatoes), band spraying and mechanical
weed control might be a competitive low-tech alternative to site-specific spraying. When
applying glyphosate, precision spraying will indeed be less harmful to the growing crop,
and with selective herbicides, precision spraying will reduce the unnecessary spraying with
expensive herbicides. In fact, precision spraying saves on herbicides, having a direct
impact on the financial viability of the precision farming technology. Nonetheless, as in the
example with micro-spraying with glyphosate (Lund et al. 2008), potential herbicide
savings are somewhat limited, and can hardly pay for the individual investment on high
precision micro-cell spraying, leaving aside the costs of having a robust software for high
precision weed recognition. However, high value crops, that require expensive and harmful
herbicides, could serve as an example where high precision spraying is profitable.

In summary, the knowledge generated by the image-based viewpoint or by common
high precision weed maps is indeed a useful and profitable tool for the farmer, but its added
value is conditional to the effective integration of the relevant information with the specific
operational tasks. Even though it requires advanced technology to produce the updated
knowledge of the field, treating aerial images for crop and weed recognition, it would be
expected that costs could be shared under cooperative behavior, and the specific knowledge
could be used for sound decision making at the individual farm level. Even though high
precision spraying may be too costly and can’t reduce herbicide use that much at the
present state, high precision images and/or maps could lead to a reduced herbicide use,
leading to different herbicide solutions for each field.

Conclusions

The WR algorithm-based viewpoint for site-specific weed management and decision
support has been proposed for identifying the distribution of weeds. The algorithm extracts
information by processing the collection of aerial images, and offers reliable and relevant
knowledge for identifying the necessary and recommendable management actions. In
addition, a number of simulated site specific herbicide applications and related cost savings
have been estimated, finding that the potential gains and marginal cost reductions of
herbicides decrease significantly with higher accuracy. Nevertheless, it is pointed out that
high precision weed detection is still required to estimate the optimal spraying precision.
Lastly, it is noted that the weed recognition methodology proposed in this study works well
enough for the detection of thistle on mature barley fields in close range aerial images. It still
remains to be tested on images captured from higher altitudes, and on different types of crops
under different growth stages, infested with different weed species. This future research is
necessary to address the robustness of the WR method, comparing its performance with other
well-established statistical and computational techniques for image analysis.
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