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1 | INTRODUCTION

An intensification of farming practices accompanied by simplifica-
tion of crop rotations, increased nitrogen fertilisation rates and
weed control by highly effective herbicides have been identified as
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Abstract

Site-specific weed management (SSWM) is increasingly employed to reduce herbi-
cide inputs. Incorporating functional traits of weed species allows for the selection of
SSWM methods that effectively reduce the abundance of weeds with a high compet-
itive potential (disservice) while preserving weeds that provide beneficial ecosystem
services (service). In this study, we aim to assess relevant weed functional traits and
translate this information into a spatial trait distribution map for weed (dis-)service
provision. The distribution of weed abundance in a field was recorded using a spatial
grid. Data on functional traits for the recorded weed species were extracted from
published datasets and combined into the two variables, service and disservice. Indi-
vidual traits (service/disservice) were weighted for each pixel of the weed distribu-
tion map based on the number of individual plants per species. Principal component
analysis was employed to generate independent variables to describe the potential
for service and disservice provision. As a result, two (dis-)service trait-based distribu-
tion maps were generated: one highlights field areas that provide enhanced ecologi-
cal services, while the other displays areas with a high disservice potential. The
results show that around 61% of the area in the field had a high service potential.
The area with a high disservice was slightly higher than the half of the area with a
high service, while about 32% of the field has both high service and disservice poten-
tial in the same area. This study presents a spatially explicit approach to incorporate
information on weed functional traits into SSWM approaches targeted at reducing

weed competition while at the same time enhancing weed functional diversity.
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potential reasons for the drastic decline in the diversity of weeds
and an increase in homogenisation of vegetation communities in
recent decades (Storkey et al., 2012). A study from Northern
France reported a 42% decline in the number of weed species per

field and a 67% decrease in the mean species density per field
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between surveys conducted in the 1970s and the 2000s (Fried
et al., 2012).

In an agricultural context, weeds are often perceived as harmful
because they compete with the crop for resources such as light, water
and nutrients. In addition to a potential yield reduction, the presence
of weeds can also favour an increased abundance of crop pests
(Oerke, 2006). Besides their negative competitive impact, weeds take
an important role in agroecosystems by offering food resources and
habitat for small vertebrate and invertebrate animals such as rodents,
insects and birds (Marshall et al., 2003) and by reducing soil erosion
(Ruiz-Colmenero et al., 2013). There is evidence that the decline in
weed species number can be linked to the significant observed reduc-
tions in populations and ranges of farmland birds and invertebrates.
Weeds can also support crop production, for example, by maintaining
and supporting pollinators (Bretagnolle & Gaba, 2015). Individual
weed species are known to differ in terms of providing important eco-
system functions (Storkey, 2006) as well as in their impediment to
crop production (Storkey & Westbury, 2007). It is therefore important
to recognise that weeds hold conservation value, and sustainable
weed management should consider their coexistence with the crop
for promoting their biodiversity benefits.

The global human population is projected to reach 9 billion by
2050, resulting in a significant increase in food consumption and
demand (The Royal Society of London, 2009). To achieve sustainable
agricultural intensification while minimising inputs and reducing envi-
ronmental impact, innovative weed management strategies are essen-
tial. The goal of creating more sustainable weed control systems that
incorporate the diversity of the weed community in arable fields is
complemented by trends in policy to promote biodiversity in agroeco-
systems while also enhancing agricultural productivity (Maskell
et al,, 2020). In most conventional cropping systems, weed manage-
ment still relies on the application of broad-spectrum herbicides that
control a wide range of plant species. However, the increasing con-
cern about the environmental impacts of herbicides, rising prices of
crop protection products and policy restrictions such as the European
Green Deal have strengthened the development of more targeted and
sustainable weed control approaches. One of these approaches is
site-specific weed management (SSWM) where weed control is tai-
lored to the spatial distribution of weeds at a given site and which
aims at reducing the environmental and economic impacts of weed
control measures (Gerhards et al., 2022). The potential of SSWM for
herbicide reduction has been demonstrated for different cropping
situations for several decades. In a 2-year study, SSWM showed
herbicide savings ranging from 6% in maize to 98% in winter barley
without enhanced weed control costs in subsequent vyears
(Gerhards & Oebel, 2006). A 5-year field experiment observed a sig-
nificant reduction of 54% in herbicide usage by employing SSWM
(Timmermann et al., 2003). Overall, the results of SSWM showed a
high herbicide saving potential by more precisely targeting the spatial
distribution of weeds.

For every SSWM approach, the detection of weeds and their spa-
tial distribution in the field is essential. Recent innovative approaches

facilitate an automatic weed detection at the species level by

technologies including 3D cameras, multispectral imaging combined
with artificial intelligence (Al) for weed classification and computer-
based decision algorithms (Hasan et al., 2023; Wu et al,, 2021). A
study using unmanned aerial vehicle (UAV) to automatically detect
the plants outside of the corn row and classify them as weeds, leave
26% of the acreage untreated with herbicide (Sapkota et al., 2023).
Further, species-specific weed detection allows for species-specific
SSWM approaches incorporating the spatial distribution of single spe-
cies or weed functional groups. A German study tested the application
of SSWM using control thresholds for functional groups of weeds and
a GNSS-guided multiple-tank sprayer in comparison to using a single
tank mix targeting all present weed species (Gutjahr et al., 2012). The
use of control thresholds for functional group of weeds resulted in an
area untreated with herbicides of 59%-80% whereas using a single
tank mix targeting all three groups resulted in an untreated area of
37% (Gutjahr et al., 2012). Despite a presumably higher herbicide sav-
ing potential, to our knowledge, current decisions in SSWM are not
made at the weed species level. This can be mainly attributed to the
high effort of a manual weed sampling and the expertise needed for
identifying the weed species.

Automated image-based species identification is a promising ave-
nue that has been discussed since the potential of machine learning
for ecological applications became apparent (Christin et al., 2019).
With the advent of deep learning methods, automatic species identifi-
cation is achieving accuracy comparable to that of human experts
(Waldchen & Mader, 2018). Automatic detection of weed species is
particularly challenging, as they need to be detected at early stages of
development for most weed control approaches. As weed-detection
technologies have only been tested in a limited number of experi-
ments with a small number of weed species, there is little research on
automatic identification and precise spatial positioning of plants and
weeds in a practical field environment (Hasan et al., 2021). It is
expected that fully automatic identification and location at the species
level will be feasible in the near future. Therefore, it is crucial to
explore how the knowledge gained from species-level weed detection
can be effectively incorporated into sustainable and environmentally
friendly weed management concepts.

When weed management approaches are tailored to the individ-
ual weed species present in a field, the decision on whether or not
weeds need to be controlled is often based on established weed (eco-
nomic) control thresholds. These thresholds are usually calculated
based on potential crop yield and quality reduction by mainly incorpo-
rating economic losses linked to the weed population densities and
disregard the biological characteristics of the species (Gerowitt &
HeitefuR, 1990). However, a greater research effort to determine the
negative and positive impacts of weeds in agroecosystems is needed
to optimise both crop production and environmental integrity while
preserving weeds' role in the ecosystem (Neve et al., 2018). Studies
focusing on the functional traits of weeds have therefore gained pop-
ularity in recent decades. Most studies focus on identifying and ana-
lysing the functional traits of weeds rather than integrating them into
weed management concepts. For example, by analysing functional

groups in the United Kingdom arable flora that can help assess a weed
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community in the context of reconciling biodiversity provision with crop
production (Storkey, 2006) or how the weed trait respond to cropping
regimes (Gunton et al., 2011). Currently, there is a lack of knowledge on
how to use information on weed functional traits to design and imple-
ment weed control systems that allow weed diversity to be maintained in
the cropping system without sacrificing crop yield level. To meet this chal-
lenge, SSWM approaches that directly address the ecological dynamics
and weed control requirements of weed-crop systems in a site-specific
manner by incorporating weed traits at the species level could play an
important role. To our knowledge, there are currently no approaches to
evaluate the functional characteristics of weeds in a field and to integrate
this information into a weed management field map.

The goal of this study was to develop an approach for incorporat-
ing information on weed functional traits related to both weeds' bene-
ficial ecological functions (‘service’) and negative impact (‘disservice’)
into site-specific weed distribution maps. By taking into account the
occurrence, distribution and functional traits of individual weed spe-
cies in a crop field, we aimed to create spatially explicit field maps
highlighting distinct field areas for two indicators: (a) the potential
ecological service provision (service) and (b) the estimated negative
impact on crop productivity (disservice). A map showing the relation-
ship between service and disservice potential was created and could

serve as the basis of the following management plan.

2 | MATERIALS AND METHODS

21 | Study field

A spatial grid with 40 grid points for manual weed assessment was
installed in the centre of an experimental arable field planted with winter
wheat (Triticum aestivum L.; variety Campesino; 350 seeds m~2, seeding
date: 27 October 2021) in Sickte, north-eastern Germany (52°13'29.2" N
10°37'49.2" E; Figure 1). The grid points were 10 m apart along the
wheat row and 6 m apart between the crop rows. On the plot with the
grid points (approx. 24 m x 100 m), no herbicide treatment was carried
before weed assessment. Fertiliser, growth regulator and fungicide appli-
cations were conducted according to common agricultural practice. A
manual weed assessment was carried out on the study field in September
2021. All weed species and the number of individual plants per species
were determined at each of the 40 grid points using a counting frame
with an area of 0.1 m2 Based on these data, weed distribution maps for
the grid area were generated for each individual weed species using R
4.1.1 (R Core Team, 2021). Five different interpolation methods were
tested (simple kriging, universal kriging, ordinary kriging, inverse distance
interpolation and nearest neighbour) using a leave-one-out cross-
validation (Table S1). The method with the lowest normalised root mean
square error (simple kriging) was used to create the weed distribution
maps. The interpolated maps had a resolution of 0.1 m x 0.1 m and were
aggregated to a pixel resolution of 1 m x 1 m, which fitted to the avail-
able tools for SSWM. For a total area of the experimental field of
24 m x 100 m, this results in a total pixel number of 3128 pixels with
edges around the grid.

2.2 | Selection of functional weed traits

Since weed control takes place at an early growth stage when most
weeds' functional traits are not measurable in the field, these traits can
usually not be quantified before a weed control decision. Instead, pub-
lished data have to be used to describe the future trait potential of the
weed plants. Functional trait values for the observed weed species were
retrieved from published literature (referred articles and books) and
online sources (e.g., databases; Tables S2 and S3). The traits were
selected based on their relevance to the beneficial ecological services
provided by the weed species (services) and as indicators of their com-
petitive potential or negative impacts on crop production (disservices).
For all traits (service and disservice), a high trait value was linked to a
high service and disservice potential of the weed species. As the trait
expression for a weed species can vary significantly (Perronne
et al., 2014), the use of a specific trait value for a species covers only a

mean expression and not the possible variations in the field.

2.2.1 | Service traits

Nine different functional traits were used to describe the beneficial eco-
logical functions of weeds (service traits, Table S2). The first traits were
collected by Marshall et al. (2003): number of insect families recorded
on individual weed species (insect number), the number of insect spe-
cies recorded on individual weed species (insect species) and the num-
ber of insect species that are dependent to the weeds species to
complete their life cycle (host specific insects). Further service traits
were the number of links between the individual weed species and nat-
ural enemies of arthropods (natural enemies), phytophagous arthropods
(phytophages) and pollinators (pollinators) retrieved from Bosch et al.
(2022). The links to the species can be traced back to the provision of a
food source or host by the weeds to the different groups. The trait
‘birds direct’ includes birds that directly feed on the weed plant and
‘birds indirect’ linkages include birds of prey that feed on birds directly
associated with the individual weed plant. The service trait ‘flower dura-
tion’ represents the duration of the flowering in months and thus the

duration of pollen and nectar provision (Font, 2016).

222 | Disservice traits

The six weed traits representing the weeds' competition ability were
retrieved from different sources. The economic threshold values
were taken from the German Federal plant protection service of
Bavaria (‘economic threshold’; LfL Bayern, 2024). When the weed
density (plants m~2) of a specific weed species is above this economic
threshold, controlling these weeds is estimated to result in higher eco-
nomic net returns (Gerowitt & Heiteful3, 1990). The ‘specific leaf area’
represents a ratio between leaf area of the fresh leaf and leaf dry mass
(SLA; mm? mg™?) collected by Pakeman et al. (2015). The vegetative
trait ‘plant height vegetative’ is the distance between the uppermost

tip of photosynthetic tissue and the ground level. Further traits were
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FIGURE 1 Study field in Sickte, Germany with 40 grid points for
weed assessments (approx. 24 m x 100 m).

‘relative growth rate of green area’ in spring (RGRLs; d~1) and autumn
(RGRLa; d™1) (Storkey et al., 2006) as well as the number of observed
links between the weed species and pest arthropods (‘pest species’)
(Bosch et al., 2022).

2.3 | Analysis
To compare the trait values within the groups of service traits
(Table 1) and disservice traits (Table 2), respectively, we normalised
trait values between zero and one. The highest value for the respec-
tive trait received a value of one and the lowest trait value received a
value of zero. Trait values in between were determined accordingly.
This resulted in a relative measure of the traits for the specific weed
species composition on the respective field site. There is an exception
for the ‘economic threshold’ trait: a low threshold value indicates a
high competitive ability of the weed species. For the normalised trait
values, the highest value from the published study gets a zero and the
lowest a one.

To weight the traits based on the spatial abundance and density
of the weed species in the weed distribution map, the weed number
per pixel was multiplied with the normalised specific trait value

(Equation 1):

_ 2 (Ns*Ts)
Wi = S"No. Weeds;’ @)

The weighted trait (WT) at each pixel i of the weed distribution
map was determined for all services and disservices separately. First
the sum of the number of each species Ns at the pixel i multiplied with
the trait value T for each species S was calculated. This value was
divided by the number of individual plants of all weed species
occurred at the pixel i. The result is a new trait distribution map for
each weighted trait.

To further condense the nine service trait distribution maps and
seven trait disservice distribution maps, we used a principal compo-
nent analysis (PCA). PCA is chosen due to the hierarchical assignment
of effects on service and disservice is essential to weight the influence
of each trait value. One time on the trait distribution maps for service
potential and one time for the trait distribution maps for disservice
potential. The outcome were two spatial field maps, the disservice dis-
tribution map and the service distribution map. All analyses were con-
ducted using R 4.1.1 (R Core Team, 2021). The PCA was done using
the RStoolbox package (Leutner et al., 2022). The ‘rasterPCA’ func-
tion takes raster objects as input. The output of the function is a new
raster object containing the principal component scores for each pixel
of the field map. The values of the first principal component were
used to create (dis-)service distribution maps.

To analyse the ratio between disservice and service in the study
field based on the generated (dis-)service distribution maps, a correla-
tion analysis using the values of the first PCA axis for each pixel was
conducted, Spearman's correlation coefficient was determined and a
scatterplot was generated. A correlation coefficient of 1 indicated
a high spatial conflict between service and disservice potential on the
study field, while a value of —1 indicated none. The pixel values (prin-
cipal component scores from the PCA) of the (dis-)service distribution
maps, which rated from approx. —1 to 1, were converted into service
and disservice potentials from 0% to 100%. A service potential of
100%, the highest possible potential for provision of beneficial eco-
logical services based on the employed functional traits and the weed
species present on the field was assumed. Afterwards, the scatterplot
was divided into four quadrants (Q1-Q4) based on two hypothetical
thresholds of 50% service and disservice potential. The ‘Q1’ shows
pixel values with a disservice potential >50% and service potential
<50%. ‘Q2’ includes pixel values with a service and disservice poten-
tial >50%. The ‘Q3’ includes pixel values with service and disservice
potential <50% and in ‘Q4’ the service was >50% and disser-
vice <50%.

3 | RESULTS

The overall weed species recorded during the weed assessment were
Myosotis arvensis H., Poa annua L., Polygonum aviculare L., Stellaria
media L. Ville and Viola arvensis Murr (Figure 2). The most frequent
and abundant weed species was P. aviculare with hotspots of high

occurrence (>100 individuals m~2) at grid points #9 and #32.
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TABLE 1 Normalised values for the collected service traits (see Table S2 for description of traits).
Insect Insect Host-specific Natural Birds Birds Flowering
Species families species insects enemies Phytophages Pollinators direct indirect duration
Myosotis arvensis 0.08 0.01 0.00 0.40 0.00 0.00 0.07 0.00 0.00
Poa annua 1.00 0.74 1.00 0.20 1.00 0.53 0.00 0.33 1.00
Polygonum aviculare 1.00 0.86 0.57 0.00 0.91 1.00 0.20 1.00 0.17
Stellaria media 0.77 1.00 0.57 1.00 0.70 0.47 1.00 0.33 1.00
Viola arvensis 0.00 0.00 0.00 0.00 0.19 0.06 0.47 0.00 0.17
TABLE 2 Normalised values for the collected disservice traits (see Table S3 for description of traits).
Economic Plant height Pest
Species threshold SLA vegetative RGRLa RGRLs species
Myosotis arvensis 0.00 0.14 0.63 0.54 0.64 0.00
Poa annua 0.25 1.00 0.00 0.65 0.74 1.00
Polygonum aviculare 0.50 0.00 0.64 0.53 0.74 0.28
Stellaria media 0.75 0.40 0.63 1.00 1.00 0.16
Viola arvensis 1.00 0.13 1.00 0.00 0.00 0.13

Abbreviations: RGRLa, relative growth rate of green area in autumn; RGRLs, relative growth rate of green area in spring; SLA, specific leaf area.

V. arvensis was the second most frequent species, especially at point
#37 with around 70 individual plants per m?. The occurrence of Poa
annua at the sampled grid points was very low (<30 individuals m—2)
whereas M. arvensis and S. media showed intermediate densities.
M. arvensis occurred with a higher abundance in the western part of
the field and S. media in the northern part. All species, except for the
least observed species Poa annua, were distributed in patches with
hotspots in different parts of the field. No consistent abundance pat-
tern between the species was noticeable.

According to the trait analysis, the species Poa annua and P. aviculare
showed the highest number of linkages with insect families (Table 1). In
addition, Poa annua had the highest values for the traits host specific
insects, phytophagous insects and, together with the weed species
S. media, the highest value for the trait flowering duration. The highest
values for the traits pollinators and indirect birds were observed for
P. aviculare. S. media showed the highest value for four traits: insect spe-
cies, natural enemies, direct birds and flowering duration. The values for
the service traits ‘insect families’, ‘insect species’, ‘host specific insects’,
‘phytophages’, ‘pollinators’, ‘birds indirect” and ‘flowering duration’ for
the weed species M. arvensis and V. arvensis were lower than for the
other three species. For the ‘natural enemies’ the species P. aviculare
and V. arvensis showed the lowest values and for ‘birds direct’ the spe-
cies Poa annua and M. arvensis.

The species Poa annua had the highest SLA and the highest
number of linkages with pest species (Table 2). S. media had the
highest RGRL for autumn and spring. V. arvensis had the highest
economic threshold value and M. arvensis and Poa annua had the
lowest economic threshold value. In addition, V. arvensis showed
the highest value for the trait vegetative plant height. M. arvensis
had the lowest linkages with pest species and a low economic

threshold value.

In the first step of creating the final (dis-)service distribution
maps, weed traits were weighted based on the occurrence of weed
species for each pixel of the study field. The thereby generated trait
distribution maps for the service traits show the spatial pattern of ser-
vice functions in the field for each service trait (Figure 3). Areas with a
value of one have the highest influence on the service performance
provided by the present weed species whereas areas with a value of
zero exhibit a low service provision. The service functions of the
weeds for the traits insect families, insect species, phytophages, polli-
nators as well as the indirectly linked birds showed a similar spatial
pattern. Hotspots for the above traits were located at grid points #9
and #10. In particular, traits related to insect families, insect species,
natural enemies, directly linked birds and flowering duration show
very high values at and around grid point #22.

A greater spatial heterogeneity was displayed in the distribution
of the values in the trait distribution maps for the weighted disservice
traits (Figure 4). While values for the RGRLa, RGRLs and pest species
were high in the eastern part of the map, the values for the plant
height vegetative and economic threshold are greater in the western
part. While the economic threshold, RGRLa and RGRLs showed high
values at grid point #22, the plant height vegetative and pest species
showed lower values at this point. Maximum values for the plant
height vegetative and economic threshold were reached at point #37.

To condense the information of the trait distribution maps into
the two aggregated (dis-)service distribution maps, a PCA was con-
ducted. The results indicate spatial areas in the field that exhibit a high
potential for services and disservices based on the distribution of the
present weed species (Figure 5). A high (dis-)service potential exists at
a value of 1, an average one at 0 and a low one at —1. High disservice
values occurred in the eastern and northern parts of the study field,

while both are lower in the western part. The service values showed a
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similar trend: higher values in north and east, lower values in the
western part of the service distribution map. The final map showed a
similar spatial pattern like the traits insect families, insect species, phy-
tophages, pollinators as well as the indirectly linked birds. In contrast,
the final disservice distribution map had a similar pattern to the pest
species, RGRLa and RGRLs.

The correlation analysis of the pixel values of the (dis-)service dis-
tribution maps resulted in a positive correlation coefficient of 0.71.
Therefore, the area of the field that shows a similar service and disser-
vice potential was relatively high for the study field. After dividing the
scatterplot (Figure 6A) in four quadrants (Q1-Q4) based on a thresh-
old of 50% of the total (dis-)service potential at this study field, there
are four different groups of pixel values representing the correlation
between service and disservice potential. The ‘Q1’ include 74 pixel
values (1 pixel = 1 m?), ‘Q2’ includes 9997 pixels, 1161 pixels in ‘Q3’
and 896 in ‘Q4’. The pixels with opposing potential (either high ser-
vice and low disservice, or the other way around) are each approx.
twice the number of pixels with the same trend for both potentials.
With a total size of 3128 m?, the ‘Q1’ represents 2.4%, the ‘Q2’
31.9%, the ‘Q3’ 37.1% and the ‘Q4’ 28.6% of the total study field.
The part of the study field with a small disservice potential (<50%)
was 65.7% of the total field (Q3 and Q4). Overall, 60.5% of the field
showed a high service potential (>50%; Q2 and Q4), the proportion of
pixel values with a high disservice potential (Q1 and Q2) was slightly
higher than the half (34.3%). While 31.9% of the field showed both a

service and disservice potential greater 50%, the area with only high
disservice is small (2.4%).

4 | DISCUSSION

As new technologies for in-field weed detection and recognition at
the species level will be further developed and implemented, we need
to design concepts and approaches on how the gained knowledge can
be effectively used to design sustainable weed management systems.
While weeds compete with the crop for resources, they also offer
valuable ecological services such as providing habitat and food for
beneficial insects. Trait-based approaches are therefore a promising
way to address the challenge of designing effective and environmen-
tally sustainable weed management strategies including both weed
control and biodiversity conservation (Gaba et al., 2017).

Since the weeds are mostly in the early stages of development
when a management concept is created, a survey of plant-specific
traits before the application of weed management operations is not
feasible. Even within a single weed species, the trait values can vary-
ing plant-specific and also site-specific within an arable field. There-
fore, it should be taken into account that the presented approach can
be interpreted as a predictive model for the (dis-)service potential in
the study field, which is based on published weed trait data and the
observed weed distribution.
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FIGURE 3 Trait distribution map for weighted values of the service traits for each grid pixel of the weed distribution map. The raster points
range from #1 in the northeast to #40 in northwest.
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4.1 | Distribution maps of (dis-)service potential in
the study field

The results of this study show that the service function of weeds can
be considered separately from their disservice ability on a spatial
basis. The (dis-)service distribution maps highlight the potential of a
specific field for biodiversity provision as well as crop competition by
summarising the traits, species and weed densities. For our study field,
the service potential was high in those parts of the field where the
weed species P. aviculare and S. media occurred at high densities. The
species M. arvensis and V. arvensis, on the other hand, showed a lower
contribution to the service distribution map. Based on the occurrence
of the weed species in our study field, the northern and eastern parts
of the field had a high potential for providing ecological services.

In terms of the disservice distribution maps, the species
M. arvensis and S. media had a high impact on the distribution of dis-
service potential in the field, with the highest impact observed in the
north-eastern part. In case of our study field, the service and disser-
vice distribution maps showed a similar spatial pattern: The parts of
the field with a high disservice did exhibit a high service potential and
the opposite. This visual impression is confirmed by the positive cor-
relation coefficient calculated based on the pixel values of the (dis-)
service distribution maps. The results could differ, if weed species
without a balance between service and disservice is dominating on
the field. Further tests on other study fields and with different weed
diversity should be contributed in the future.

To enable future management decisions taking into account the
(dis-)service distribution, we generated a scatterplot with the pixel
values of the service and the disservice distribution map. By dividing
the scatterplot into four quadrants based on a threshold of 50% service
and disservice potential (Figure 6A), a (dis-)service ratio field map could
be created (Figure 6B). The map visualised the four types of quadrants
that could serve as a basis of weed management decisions: The quad-
rant ‘Q1’ represents parts of the field that may receive weed control
measures due to the high disservice and low service potential, ‘Q3’ and
‘Q4’ could be left untreated based on a high or low service but low dis-
service potential. The ‘Q2’ shows a high conflict potential for weed
management decisions based on a high potential for both service and
disservice. When using thresholds of 50% for service and disservice
potential around 60% of the field showed a high service and 34% a high
disservice potential with about 31.9% of the field exhibited a combina-
tion of both. While this approach provides direct support for manage-
ment decisions for ‘Q1’, ‘Q3’ and ‘Q4’ solving the balance between
service and disservice potential, ‘Q2’ requires more complex manage-
ment decisions. These may include additional, in-depths consideration
of the specific weed species and their traits present at the ‘Q2’ loca-
tions and may be dependent on the farmers risk perception. As ‘Q2’
locations represent a higher disservice potential, negative impacts on
crop productions might be expected.

The weighting of trait values and the adjustment of threshold offers
additional flexibility to customise our approach to individual field condi-
tions and specific weed management goals. In the present study, we

weighted all traits equally not putting emphasis on specific traits. For
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FIGURE 5 Service and disservice distribution maps in the study
field showing the scores of the first axis of a PCA based on the
occurrence of the weed species and the species-specific traits. The
raster points range from #1 in the northeast to #40 in northwest.
PCA, principal component analysis.

fields where the goal is to increase the pollinator activity, the traits ‘polli-
nators’ and ‘flowering duration” could be weighted higher. By adjusting
the thresholds for service and/or disservice potential, management deci-
sions can be customised to the individual field-specific conditions. While
we set both the thresholds to 50%, the threshold for disservice potential

could be lowered for fields where higher weed control level is required.

4.2 | Weed trait data availability

The service and disservice traits used in this study are commonly used
to describe the competitive potential and ecological services provided
by weed species (Barberi et al., 2018; Bosch et al., 2022; Pakeman
et al, 2015; Storkey, 2006). We have focused on those traits for
which comprehensive data for all weed species covered in this study
was available from single field experiments, although additional traits
could be relevant for describing the service (e.g., flower dimensions,
odour and colour) and disservice (e.g., plant morphology, vegetative
shoot and root characteristics) potential of a weed species (Gaba

et al., 2017). Since trait values can vary greatly depending on the site-
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FIGURE 6 (A) Correlation between the pixel values of the service and the disservice distribution maps (Figure 5) with values from —1 (0%

potential) to 1 (100% potential). The quadrant ‘Q1’ includes values with high disservice and low service potential, ‘Q2’ values with high service
and high disservice potential and both ‘Q3’ and ‘Q4’ have a low disservice potential and therefore received the same colour. (B) The ‘(dis-)service
ratio field map’ was created based on the locations of the pixels in the four quadrants (A) using the same colours.

specific conditions, spatial distribution (like nests) of weeds, manage-
ment practices and trait measurement method (Jarnsgard et al., 1996),
we decided to use only data that were generated in the same experi-
ment when describing individual traits.

We normalised weed functional trait values by comparing the five
weed species present on our study field. Normalisation facilitates a
comparison of the relative (dis-)service potential of the specific areas of
the field, which can be very useful for the concrete consideration of on-
field management decisions. In addition, this approach can also be used
to compare the (dis-)service potential of the weeds in the study field
with other winter wheat fields. This requires a trait survey and subse-
guent normalisation for all species relevant as weeds in winter wheat
under typical German growing conditions. Gathering comprehensive
trait data for such a high number of species is proving difficult due to
fragmented and incomplete published trait information (Zingsheim &
Déring, 2024). For future work, measurement of service and disservice
traits under similar and comparable conditions is recommended even it

is known to be challenging, especially for service traits.

4.3 | Future integration of (dis-)service potential of
weeds SSWM

The two aggregated (dis-)service distribution maps can provide the
basis for designing SSWM approaches that incorporate both benefi-
cial and adverse weed functional traits. In this study, a grid with

40 points and distances of 6 m x 10 m between grid points was used
for the manual weed assessment. Because of this coarse grid design, a
potential patchiness of the actual weed occurrence might not be accu-
rately represented in the interpolated weed distribution results. To
capture the existing weed distribution on the field more accurately, an
even finer grid design with lower distances between grid points would
be beneficial to decrease potential inaccuracies resulting from interpo-
lating weed count data in-between the grid points. Considering the
time and expertise required to identify and count weeds at a high
number of grid points, the detection and assessment of the spatial dis-
tribution of weeds needs to be further automated (Rai et al., 2023).
This includes an automatic and reliable detection and identification of
weeds on a species level as well as the use of image acquisition vehi-
cle such as UAV, which could significantly simplify the process and
thereby increase the practical uptake of site- and species-specific
weed management (Veeranampalayam Sivakumar et al., 2020). Due to
the high acquisition costs of the technologies (sprayers, cameras, etc.),
the long-term benefits of the change in management must be made
clear and the economical sustainability must also be discussed.

The approach presented here could be an integrated step
between weed monitoring and weed management that allows weed
management strategies to be site-specific and tailored to the individ-
ual weed species and their functional traits. The generated (dis-)ser-
vice distribution maps illustrate the spatial correlation between
service and disservice provision in the field based on the weed distri-

bution. To our knowledge, no comparable approach exists that
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incorporates the spatial pattern of weed functional traits into field-
specific maps for (dis-)service provision. The presented (dis-)service
ratio field map can be used as a first step for a new version of weed
management maps used for site-specific herbicide application
(e.g., using spot spraying approaches). As part of spot spraying, precise
application of herbicides by single nozzle control of the sprayer allows
the field to be divided into small herbicide treated and untreated
patches. Adding the presented approach in this concept, herbicides
are only applied on those parts of the field with a high competition
ability and low biodiversity functions. The study presented an
approach that could not only reduce the application of herbicides but
also could make a statement about the potential of ecological service
provided by weeds in an agricultural field. The results of this study in
form of maps can also be applied to overview and visualise the service
and disservice potentials on a field and even to monitor changes

within a short or longer period.
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