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Abstract

Purpose Site-specific weed management (SSWM) represents a promising solution for
reducing herbicide use while maintaining effective weed control. To encourage the adoption
of these techniques, SWIM (Smart Weed Impact Management), a decision support sys-
tem for generating prescription maps based on RGB imagery, is proposed. Two options are
available: a Simple Method (SM) for farmers with limited digital expertise and an Improved
Method (IM) for more advanced applications.

Methods SWIM operates through three sequential phases: (i) weed detection, aimed at esti-
mating Weed Green Cover (WGC) by subtracting Maize Green Cover (MGC) from Total
Green Cover (TGC) from aerial images acquired by drone; (ii) potential damage, aimed at
determining the economic intervention threshold based on maize yield losses due to weed
competition; (iii) prescription map generation, based on the creation of prescription maps
for Patch Spraying or Variable Rate Applications (PSA and VRA). In SM, MGC estima-
tion relies on fixed values of number of plants per unit area and cover of a single plant
for the entire field obtained from calibration plots. These values are also partially used by
IM, which additionally integrates information derived from the spatial variability of plant
density. For maize yield loss assessment, SM uses predefined and/or literature-based param-
eters, whereas IM relies on site-specific data collected in previous years.

Results SWIM showed that both methods provided accurate WGC estimates, with root
mean square error values below 0.10 and concordance correlation coefficients above 0.91.
However, IM outperformed SM in capturing spatial variability and in defining the economic
intervention threshold, as SM tended to overestimate the EIT when applying the Goldsmith
model. These differences led to two PSA maps with different potential herbicide savings
(44% for SM and 28% for IM).

Conclusion The ease of use and cost-effectiveness of SWIM may promote its adoption at
farm level and contribute to a reduction in herbicide use in arable cropping systems.

Impact
SWIM is a cost-effective and user-friendly RGB image-based Decision Support System
for site-specific weed management in maize, designed to optimise post-emergence her-
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bicide use. Although further experimental testing is needed to confirm the benefits on
the field scale, the proposed model provided reliable estimates of both weed competition
levels and the economic intervention threshold, above which weed control becomes eco-
nomically justified.

For these reasons, SWIM can facilitate the wider adoption of digital sensing and preci-
sion agriculture techniques, even among farmers without advanced IT skills.

Highlights

e SWIM is a DSS for site-specific weed management (SSWM) in maize cultivation, offer-
ing two application levels: a Simple Method (SM) for farmers with limited digital skills
and an Improved Method (IM) for more experienced users

e SWIM simplifies the creation of prescription maps aimed at significantly reducing her-
bicide use by requiring only a straightforward comparison between remotely sensed
data and model-defined thresholds

o The use of SWIM requires the active involvement of farmers, both in providing field-
specific information and in selecting the level of economic risk they are willing to
assume

Keywords RGB imagery - Precision herbicide application - Economic intervention
threshold - Patch spraying applications (PSA) - Unmanned aerial vehicle (UAV)

Abbreviations

MZs Management Zones
TGC Total Green Cover
MGC Maize Green Cover
WGC Weed Green Cover

SM Simple Method
™M Improved Method
Ua unit area

R- Real

SMPC Single Maize Plant Cover

NMP,,  Number of Maize Plants per unit area
CP; Control Plot (withi=1, ..., n)

Pre pre cut

Post post cut

P Area of the experimental plot

R/P Ratio between R-WGC and Plot area
NG Non Green area

mSMPC  mean Single Maize Plant Cover
mNMP mean Number of Maize Plant
YL Yield Loss

Youe maize yield without weed competition
Y yith maize yield with weed competition
W/TG Weed and Total Green cover ratio

q weeds competition coefficient

UP, Unweeded Plots (with k=1, ..., s)

WRPs Weed Removed Plots
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mYywrp  mean Yield of the WRPs

Yupi Yield observed in each Unweeded Plots
LoE Loss of Earnings

EIT Economic Intervention Threshold

OB OBserved Values

ES EStimated Values

Introduction

Weed Management (WM) is one of the major challenges currently facing modern agricul-
ture. Indeed, a key component of the Farm to Fork strategy, which aims to transition to more
sustainable agricultural practices, is the objective of reducing pesticide usage by 50% by the
year 2030, whilst ensuring the maintenance of high production levels (Albahri et al.,2023;
Pandey & Pandey, 2023).

However, achieving this objective poses significant challenges, particularly in the context
of weed control, which has historically relied on the heavy use of herbicides. This constraint
underscores the necessity for developing innovative weed management approaches. In this
context, one promising option is the implementation of precision agriculture techniques,
which leverage advanced technologies such as remote sensing and artificial intelligence for
Site-Specific Weed Management (SSWM) (Rao et al., 2020).

SSWM principles can be used in all types of weed control interventions (physical,
mechanical and chemical) and their application immediately appeared capable of signifi-
cantly changing previously adopted strategies (Gerhards et al., 2022). The rationale behind
this approach is to account for the real distribution of weeds in the field and consequently
to intervene only in areas where control is justified from an agronomic and economic point
of view.

In the case of post-emergence chemical weed control, which is the focus of this work,
three subsequent phases are required in SSWM approach: (i) Weed Detection, which con-
cerns the quantification and spatial localisation of weeds in the field; (ii) estimation of the
Potential Damage that weed communities may cause to crop yields; (iii) generation of Preci-
sion Herbicide Application map, which refers to the spatially differentiated application of
the herbicide by using ISOBUS sprayers (Lopez, 2011).

The technologies employed for weed detection can be categorised into four primary
types. The first is spectroscopy, which analyses the reflectance of crops, weeds and soil to
identify characteristic spectral bands useful for classification (Jurado-Exposito et al., 2003)
Secondly, image processing technologies integrate colour, position, shape, and texture fea-
tures to classify images using advanced algorithms. The efficacy of these technologies is
contingent upon the image quality (e.g. ground resolution, spectral bandwidth) and the dis-
criminatory capability of the algorithms employed (Espejo-Garcia et al., 2020). The third
category is Red—Green—Blue—Depth (RGB-D) information fusion, which enhances imaging
techniques by incorporating vegetation height (plant height above ground level), thereby
significantly improving weed-crop discrimination (Li et al., 2018). The fourth category
concern the use of artificial intelligence which represents the latest advancement in weed
detection research (Kamilaris & Prenafeta, 2018; Wu et al., 2021). Recent studies have
demonstrated that machine learning can significantly improve weed detection, enabling
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automatic species classification, density estimation and spatial mapping with unparal-
leled accuracy. Deep learning models, such as convolutional neural networks (CNNs),
have achieved classification accuracies of over 95% for various crops. Meanwhile, object
detection frameworks (e.g. YOLO and Faster R-CNN) enable the real-time identification
of weeds in the field (Mehdizadeh et al., 2025). Furthermore, integrating machine learning
with UAV imagery enhances the early detection and discrimination of weed populations,
supporting more precise and site-specific interventions (Mehdizadeh et al., 2025). These
approaches are transforming weed detection from a descriptive tool into a predictive map-
ping system able to drive precision weed management.

The second phase of SWIM involves estimating potential yield loss due to weed com-
petition. This strategy is traditionally based on determining the economic threshold (Scavo
& Mauromicale, 2020). Initial models relied primarily on weed density (number of plants
per unit area), but this approach was found to be inadequate as it failed to consider factors
such as emergence timing and species competitiveness (Lotz et al., 1996). Recent studies
(Goldsmith et al., 2025; Ercolini et al., 2022) emphasise that defining robust intervention
thresholds is crucial, since thresholds based only on density often misrepresent the actual
risk of yield loss. Indicators such as crop—weed leaf cover ratios, measured using UAV
imagery, provide more accurate and dynamic estimates of competition by capturing crop-
weed interaction over time. This approach allows for establishing of adaptive thresholds
that can better guide site-specific interventions and reduce unnecessary treatments while
safeguarding yields (Goldsmith et al., 2025).

In the third and last phase of SWIM, precision herbicide application involves the opera-
tional capability of equipment to identify and treat individual sub-area of the field sepa-
rately. These sub-areas or Management Zones (MZs), are defined as areas characterized
by relatively homogeneous limiting factor effects (weed density, nutrient scarcity, limited
water availability), and, therefore require the same rate of inputs (herbicides, fertilizers,
irrigation water) to maximize their efficiency use (Vrindts et al., 2005). The differentiated
application of herbicide within each MZ is based on weed competitive ability by a more eas-
ily measurable proxy as biomass or coverage. Reductions in herbicide use can be achieved
by decreasing the treated surface through the exclusion of areas where the estimated damage
is acceptable (Patch-Spraying Application, PSA) and/or by varying the product rate per unit
area (Variable Rate Application, VRA).

Despite these significant advances, SSWM continues to face challenges regarding its
full integration into agricultural practices, particularly in poorly digitized farming systems
where there is often a lack of skills and resources necessary to use this type of tool (Krou-
pova et al., 2025). These limitations arise from both the high cost of the required technolo-
gies and the level of expertise needed to effectively utilize these tools. An additional issue
is the low transferability of Al-based solutions to conditions other than those under which
they were developed (Ilyas et al., 2023). For this reason, these techniques generally require
careful recalibration, on site specific datasets, to adapt them to new application contexts
(Hossen et al., 2025).

The aim of this study is to propose a new Decision Support System (DSS), called SWIM
(Smart Weed Impact Management) for SSWM in maize cultivation. SWIM is intended to
be: (i) easy to use, requiring only a limited and straightforward calibration phase; (ii) cost-
effective and user-friendly, making it accessible even to farms with limited economic and
digital resources; and (iii) modular in use, offering two levels of application (simple and
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improved methods) depending on the accuracy expected in detecting weed cover and in
determining the economic intervention threshold. A practical application example of SWIM
is presented to proof its operational use and to demonstrate its practical feasibility.

Materials and methods
Rationale of SWIM

SWIM was developed by upgrading and extending a previously developed model for esti-
mating weed presence and its competitive effect on maize yields, by using RGB images
acquired by drones (Ercolini et al., 2022). Image processing aims to determine three main
variables: Total Green Cover (TGC), Maize Green Cover (MGC), and Weed Green Cover
(WGQ). It should be emphasised that the values obtained for these variables do not repre-
sent the total area occupied by maize leaves, or by weeds, or both, but rather the area attrib-
utable to each component through segmentation of the orthorectified RGB image, which
removes the overlapping area between the leaves.

According to the previously mentioned framework, the DSS was divided into three
phases: (i) weed detection; (ii) potential damage; and (iii) generation of prescription maps
for precision herbicide application. The general workflow of the study is reported in Fig. 1.

Currently, two options of increasing complexity are available in SWIM: the Simple
Method and the Improved Method (SM and IM), which differ in the level of human and
economic resources required and, consequently, in the accuracy of the estimates produced.

Phase I: Weed detection

In the previous version of the method (Ercolini et al., 2022), the Total Green Cover per unit

area (TGC,,) was assumed to be equal to the sum of two components: the Maize Green

Cover per unit area (MGC,,) and the Weed Green Cover per unit area (WGC,) (1).
Therefore, the estimation of WGC,, was obtained by subtracting MGC , from TGC,, (2).

TGCya= MGCya + WGCua (1)

WGCua = TGCya — MGCa )

The relations (1) and (2) are valid only in the absence of any overlap between the leaves
belonging to maize and weeds. The absence of overlap was assumed because of the large
spacing between maize plants and weeds during the early stages of the crop growth (46
leaves). However, given the random nature of weed emergence, some weeds may emerge
beneath the maize canopy. Consequently, the two Egs. (1) and (2) required to be reformu-
lated [(3) and (4)].

The variables preceded by R- (real), namely R-TGC and R-WGC, refer to the coverage
value obtained by adding to the value resulting from the image processing (TGC and WGC,
respectively) the fraction of green coverage hidden due to the overlap between maize and
weed leaves; their values have therefore been adjusted accordingly. Variables not preceded
by R- (i.e., TGC and WGC) instead refer to values obtained by extracting the green compo-
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Phase I: Weed Detection

Model

TGC, MGC, WGC = values of ground cover (total, maize and weed) obtained by classification of orthophotos
TGC =MGC + WGC

WGC =TGC - MGC

TGC is easily obtainable from the classification of orthophotos

MGC can be estimated as NMP x SMPC (number of maize plants x single maize plant cover)

Calibration of MGC parameters

Establishing some Calibration Plots (CPs)

TGCyr = TGC of CPs before cutting maize plants TGCpoi = TGC of CPs after cutting maize plants
TGCpre = MGCcp + WGCep TGCpost = WGCcp + OAcp (OAcp = the maize-weed overlap area)
R-WGCcp (real weed greeen cover) = WGCcp + OAcp

TGCpre - TGCpost = MGCop - OAcp

MGCcp = TGCpre — TGCypost + OAcp

SMPC = MGCcp/ NMP (NMP is obtained by counting the maize plants on CPs before the cutting)
Application for field Unit Area (UA) - SM Application for field Unit Area (UA) - IM
NMPsy; (fixed): average of NMP of CPs NMP,, 1 (variable) recognition algorithm
MGCsy; (fixed) = SMPC x NMPgy MGC,, p (variable) = SMPC x NMP,, ny
WGC,,.5\; (variable) = TGC,, — MGCy, s WGC,, 1y (variable) = TGC,, — MGC, n
R-WGCyy. 50 = WGCyasn1 + OAuasu R-WGCyyn = WGCiant + OAuanyy
4

Phase I1: Potential Damage
Model

YL = Yo — Yyim (YL = Yield Loss, Y, = maize yield without weed competition, Y ;; = maize yield with weed competition)
YL = (%) XYour W/TG=R-WGC/(MGC + R-WGC)
Parameters to be calibrated: Y, = yield without weed competition, ¢ = weed competiton coefficient

Calibration Y, and ¢ - Simple Method (SM) Calibration Y, and g - Improved Method (IM)

Your-snm estimated on tha basis of previous yield data and/or Establishing some Unweeded (UPs) and Weed Removed Plots (WRPs) to
farmer’s experience quantify Y, and Y, respectively

gs1,= 1 (weed and maize have the same competition Yourv = average of the yields of WRPs (mYygp)

ability) ¢ny = minimizes the diffences between the measured YL values (mYygp
YLsm = W/TG X Yout—sm - Yyp) and the estimated YL values by using the model

e W/TG x qiu Y
M=\ o (= DEW/TG) | = PR
Field application - Simple Method (SM) Field application - Improved Method (IM)
Loss of Earning = (LoEua_gy) = YL, sy X maize prize  Loss of Earning = (LoE,,1y) = YLua_jy, maize prize
LOE;-sm = W/TGya X Your—sm X maize prize LOE gy = (—/TSua X )y 1iy; 2o x maize prize
W/TGgrr.sn = Economic Intervention Threshold, value of ua-s (1+(qm—1) x W/TGua) WRP
WIGT which equals Loss of Earning,,.sy and the cost of - y/ TGy = Economic Intervention Threshold, value of W/GT which
weeding equals Loss of Earning,, iy and the cost of weeding

Phase I1I: Prescription Map Generation

Model for Patch Spraying Application (PSA)
Division of the field to be weeded in management zones (MZs)
Calculating the W/TG value for each MZ

Field application - Simple Method (SM) Field application - Improved Method (SM)
W/TGyzsm > W/TGgrrsn: Spraying W/TGygz.ng = W/TGgrrsny: Spraying
W/TGyz.sm < W/TGgprsy: Dot spraying W/TGyz. v < W/TGgrpy: DOt spraying

Fig. 1 Workflow of the SWIM. The approach consists of three phases: (I) Weed Detection (WD), (1I)
Potential Damage estimation, and (III) Prescription Map Generation. All abbreviations are defined in the
main

nent from the images without accounting for overlap. Consequently, R-TGC, TGC, R-WGC
and WGC appear within the same formulas, as they represent distinct quantities. This dis-
tinction does not apply to MGC because, at the 4—6 leaf stage, weeds are not able to cover
maize plants when standard pre-sowing agronomic practices are adopted (e.g., soil cultiva-
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tion or pre-sowing herbicide application in no-till systems). Consequently, the MGC , value
does not require reformulation (R-MGC_, = MGC,,).

R—TGCua= MGCua + WGCpy + OAya 3)

R — WGCyy = TGCua — MGCyp + OAy, @)

where: R-TGC,, is the real value of TGC
weeds OA ,,
ered by maize leaves (OA,).

Since TGC,, value can be easily obtained from RGB image processing, the determina-
tion of MGC , and WGC,, are required to solve (4).

During the early stages of the maize growth, considering the simultaneous sowing and
the high genetic homogeneity of the crop (maize hybrid F1), the cover of individual maize
plant can be considered relatively uniform under sufficiently homogeneous environmental
conditions, therefore MGC,, value can be estimated as the product of the cover of a single
maize plant (SMPC) and the number of maize plants per unit area (NMP,) (5).

we» Which includes the overlap between maize and
R-WGC,, is the real value of WGC,,, which includes the weed surface cov-

ua’

MGCua = SMPC* NMP,, 5)

However, as the genetic material and the pedo-climatic conditions severely shape the growth
of maize, the model needs to be calibrated to site-specific conditions of application. There-
fore, SMPC must be experimentally determined by establishing » calibration plots (CP; with
i=1, ..., n). The SMPC value is obtained by conducting two successive drone flights over
the CPs, at the 46 leaf stage, which corresponds to the typical timing of post-emergence
herbicide application. Between the first and second image acquisitions, maize plants are
counted (Number of Maize Plants=NMP,) and subsequently cut and manually removed.
As a result, the two images of the same CP; differ exclusively in the presence (pre-cut) or
absence (post-cut) of maize plants.

In the pre-cut images, TGC,, ,, is equal to the sum of MGC,, and WGC,,, (1), while,
in the post-cut images, the TGC o4, is €qual to R-WGC,, since all maize plants has been
removed, exposing weeds previously covered by maize leaves. Calculating MGC; as the dif-
ference between TGC,,,. ; and TGC,;, would introduce an inaccuracy (see Supplementary
Materials 1).

Therefore, the correct value of MGC; must be derived using an alternative procedure
capable of accounting for the overlap term (OA,). This issue was addressed by expressing
the plot areas for the pre- and post-cut images (P, and P .) as the sum of all contributing
components [(6) and (7)].

Ppre = MGCI + [(Ppre - MGCI) >kl:{/Pouth + NGPTe*i (6)
Ppost = [(Ppre — MGCi) *R/P ;] + (MGC*R/Pp,, ;) + NGpost—i (7

where: R/P_, is the percentage of weed cover on the fraction of the plot area outside the
maize canopy; R/P, ., is the percentage of weed cover on the fraction of the plot area beneath
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the maize canopy; NG, ; and NG
images, respectively.

Since the plot areas (P) are equal in the pre- and post-cut images (P, = P = P), the
MGC; value can be obtained by solving the equation derived from P, =P, [(8)-(11)]. To
render Eq. (9) solvable, it was assumed that the percentage of plot area covered by weeds
is the same both beneath and outside the maize canopy (R/P,_; = R/Py., ;- R/P;) and it can
be calculated as the ratio between the real weed green cover (R-WGC;) and the entire plot
area (P), i.e. as R/P; = TGC,/P. This assumption can be considered acceptable given the
random nature of weed emergence and the limited level of competition between crop and
weeds at the 4-6 leaf stage of maize. An experimental validation of this hypothesis is pro-
vided in Supplementary Material 2.

; represent the non-green area in the pre- and post-cut

Ppre: Ppost: P (8)

MGC;i+ [(P-MGC;) x R/Pj] + NGpre ;

= [(P-MGC;) x R/Pi] + (MGCix R/P;) + NGpost ©)
MGC;i+ NGpre;= (MGCix R/P;) + NGpost_; (10)
MGCi: (NGpost_i' NGpre_i) / (1 - R/Pi) (ll)

The single maize plant cover for each CP; (SMPC)) is estimated by dividing MGC; by the
corresponding number of maize plants (NPM;) (12). The mean single maize plant cover
(mSMPC) is then calculated as the average of all SMPC, values (13).

SMPC; = MGCi/NMPi (12)

mSMPC =Y ?:1 (SMPC;) /n (13)

Assuming the value of mSMPC as a reliable estimator of the maize plant cover across the
entire field, the Maize Green Cover per unit area (MGC,,) is calculated as the product of
mSMPC and NMP,, (14).

MGCua=mSMPC x NMPy, (14)

The procedure followed by the two SWIM methods (SM and IM) begins to differ from this
point onwards as the value of NMP,, is obtained using two different approaches.

For SM, NMP,_q\ is assumed to be spatially uniform across the field and set equal to
the average of number of maize plants per unit area (mNMP ) calculated from the CPs (15).
Consequently, MGC,, is constant across all unit areas (16).

n
NMPys sm = Z (NMPy,) /n= mNMP,, (15)

i=1

MGCya—sm = mNMP,, x mSMPC (16)
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Accordingly, the Weed Green Cover per unit area (WGC,,_g\;) is obtained by subtracting
MGC,, gy from TGC,, (17).

WGCya—sm = TGCya — MGCya_sMm 17)

For IM, NMP, 1\, is calculated specifically for each unit area to provide a more accurate
and spatially explicit estimation of NMP,, and, consequently, of MGC,,.

For this purpose, an ortho-photomosaic of the field is acquired at the maize emergence
(Fig. 2a). At this stage, the low weed density and the absence of canopy overlap allow the
actual number of maize plants per unit area to be determined by identifying and counting
clusters of green pixels. This procedure is automated using an algorithm designed to detect
individual maize plants by filtering out green pixel clusters exceeding a predefined threshold
(Fig. 2b). A bounding-box algorithm is then applied to delimit each cluster (Fig. 2c), after
which a shapefile containing the centroid of each cluster is generated (Fig. 2d) and overlaid
onto the unit-area layer (Fig. 2e). The number of maize plants per unit area (NMP, ;) cor-
responds to the number of centroids within each unit area.

As aresult, MGC,, 1\, calculated as the product of mSMPC and NPM,, s (18), varied
spatially across the field according to the maize plant density detected by the algorithm. As
for SM, WGC,,_p is obtained by subtracting MGC,,_p; from TGC, (19).

MGCya—1tm = mSMPC x NMP ya_1m (18)

WGCha—1m = TGCya — MGCua—1m (19)

Finally, to obtain the real weed green cover (R-WGC ,_q\imv)> the weed area overlapped by
maize (OA,,) must be added to WGC,,_q\ymv- As previously stated, the percentage of area
covered by weeds (R/P,,) is assumed to be the same both beneath and outside the maize

1 1
/7 V4
. .
-, 7
1 X
~ ~

Fig. 2 Steps of the image processing workflow used to estimate the density of maize plants : (a) original
aerial image (ortho-photomosaic) of a portion of the full field mosaic acquired on 27 May 2024, at the
maize emergence stage; (b) binary mask resulting from green thresholding, used to isolate green vegeta-
tion from the background soil; (c) application of the bounding box algorithm to identify and count distinct
green clusters corresponding to individual maize plant; (d) layer containing the centroids of green pixel
clusters; (e) overlay mapping between the layer containing the centroids of green clusters and the layer
containing the unit area borders to obtain the number of plants that fall within each of them (NMP , ;)
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canopy and is calculated as the ratio between weed green cover (WGC,,) and the portion of
unit area (UA) not occupied by maize (UA — MGC,,) (20). Accordingly, R-WGC,,_gnimv 18
estimated as the sum of WGC_, and the product of MGC,, and R/P, (21).

R/P,, = WGCya_sm/m/(UA — MGCya—sm/im) (20)

R — WGCya-sm/mv = WGCa—smyma + (MGC,1y/sv X R/Rua—svyma) — (21)

Phase II: Potential damage

The assessment of potential damage caused by weed competition is based on the estimation
of Yield Loss (YL), defined as the difference between maize yield obtained in the absence
(Y, and presence (Y,,;) of weed competition (22). Following the model proposed by
Goldsmith et al. (2025), the Weed-to-Total Green cover ratio (W/TGQ) is adopted as a proxy
for the competitive pressure exerted by the weed community and, consequently, for its
impact on maize growth (23). YL is estimated as a linear function of W/TG parameterized
by two values, Y, and g (24), where g (dimensionless) represents the competitive ability of
weeds relative to maize (¢>1: weeds more competitive; ¢=1: equal competitiveness; g<1:
weeds less competitive).

YL = Yout - Ywith (22)
R — WGC
W/TG =
/ MGC + R — WGC (23)
W/TG x q
YL = Y
<1 F(q—1) xW/TG ) ¥ Tout 4

For SM, the determination of the two parameters (Y, and g) is not based on a calibration
procedure but relied on prior knowledge of the agronomic conditions of the application
site. Y,,,_gv can be estimated using historical maize yield data from the same field or farm,
whereas ggq is initially set equal to 1, assuming equivalent competitive ability between
maize and the weed community, as reported in the literature (Kropff et al., 1995; Ali et al.,
2014). This assumption represents a conservative initial approach that can be refined after
repeated applications of the DSS. Moreover, setting gqy; = 1 reduces the risk of underes-
timating weed-induced yield losses and, consequently, of under-applying herbicides when
economically justified. Accordingly, (24) is reformulated as (25).

YLsm = W/TG x You—sum (25)

For IM, a site-specific estimation of Y, and g is performed. For this purpose, in the previ-
ous year(s), weed-removed plots (WRPs) and unweeded plots (UPs) must be established to
quantify maize yield in the absence and presence of weed competition, respectively. At the
4-6 leaf stage of maize, drone imagery of UPs must be acquired to manually annotate the
values of MGCyjp and WGCyp.
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The value of Y, estimated as the mean yield of the WRPs (mYyzp) (26), is used to
calculate the YLp_, (27) as the difference between mY yp and the yield observed in each
UP (Yyp_y)- The YLp_, value can be obtained by applying the Goldsmith model to each
UP (28), using the annotated values of MGCy;p_ and WGCyyp_y to calculate W/TGyjp_y.. For
this purpose, WGCyp, must first be reformulated as R-WGCyp_y, but since the pre- and
post-cut flights are not available for UPs, a different procedure is used than the one used for
the CPs (see Supplementary Materials n. 3). A trial-and-error approach (Kemmer & Keller,
2010a; 2010b) is applied to the s equations derived from the equivalence between (27) and
(28) (with k=1, ..., s) and the value of g}, is determined as the parameter that minimizes
the difference between YL ;p_, estimated using (27) and that obtained from (28), across all
UP,. By substituting the calibrated Y, s and gy, values into (24), the linear relationship
between W/TG and YL is obtained (29).

r
Yout—1M = Z - (Ywrp—j ) /r = mYwrp (26)
YLyp_x = mYwrp — YUP—k 27
W/TGyp_) X ¢
YLyp_x = Y
UP-k <1 F(g—1) xW/TGyp_g ) WRP (28)
W/TC x gIM
YL = Yout—
1M (1 + (M —1) xW/TG ) ¥ Yout-IM (29)

The resulting YLgy;n values, expressed as tons of grain dry matter per hectare, are con-
verted into Loss of Earnings (LoE, € ha™!), using the sale price of maize (€ t 1) (30).

Finally, the cost of chemical weeding (€ ha™!), including herbicide, labour, machin-
ery depreciation costs, is used to calculate, for both methods, the Economic Intervention
Threshold, i.e. the value of W/TG (W/TGg,p) at which the loss of earnings equalled the cost
of chemical control.

LOESM/IM = YLSM/IM x price of maize (30)

Phase llI: Prescription map generation

Determining W/TGg is a key step in generating prescription maps for both Patch-Spray-
ing Application (PSA) and Variable Rate Application (VRA), irrespective of the selected
method (SM or IM).

PSA prescription maps are generated by assigning the standard spray volume (e.g. 350 L/
ha) to unit areas where W/TG , gy = W/TGgrr—gvymv and a zero rate (0 L/ha) where W/
TGya-smm < W/TGerr-smmu-

For VRA prescription maps, unit areas exceeding the threshold can be classified into a
limited number of classes (e.g. n=3) based on W/TG,,_g\nv Values. Increasing spray vol-
umes (e.g. 300, 400 and 500 L/ha) are assigned according to increasing weed competition
levels, while no application is assigned to unit areas below the threshold.
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The choice between PSA and VRA depends on the availability of spraying equipment
capable of independently managing individual nozzles or nozzle sections, either by activat-
ing/deactivating herbicide delivery (PSA) or by regulating application volumes (VRA).

Sprayer performance, together with factors such as GPS-RTK accuracy and tractor for-
ward speed, determines the minimum manageable field size (Management Zone, MZ),
which effectively represents the spatial resolution of the adopted SSWM system. Conse-
quently, although the image-derived coverage variables may exhibit high spatial resolution,
prescription maps require aggregation of unit-area values within each MZ, using their aver-
age values (see Sect. 2.2.1).

A practical application of SWIM

In 2024, SWIM was tested at the Agro-Environmental Research Centre “E. Avanzi” of the
University of Pisa, located in Central Italy (43.68 lat. N, 10.34 long. E, 2 m a.s.1.) by using
a field of approximately 5000 m?, sown with maize (Pioneer P1541) on 14 May.

The field was divided into two parts. The first (field A) hosted the plots devoted to the cal-
ibration of SWIM, whereas the second (field B) was used to create a PSA prescription map.

Trial and setup

A total of 50 plots, each measuring 4.5 m?> (3.0 m x 1.5 m), were established within the
field A(Fig. 3), and grouped as follows: 20 CPs for the calibration of the maize parameters
(NMP,, oy and SMPCgpyiv), 22 UPs and 8 WRPs for the calibration of the Goldsmith’s
model parameters (Y, and gpy) (Fig. 4).

To evaluate the effects of presence or absence of weed competition on maize yields,
destructive grain samples were collected from each UP and WRP at harvest. The samples
were oven-dried at 60 C° until constant weight.

The composition of the weed community was mainly made up of Cyperus spp., Ama-
ranthus retroflexus L., Chenopodium Album L., Cynodon dactylon (L.) Pers., Rumex spp.,

Fig. 3 An experimental plot (3.0 X 1.5 m)

@ Springer



Precision Agriculture (2026) 27:89 Page 130f24 89

Fig. 4 Experimental design. On the field A, 50 plots were established: 20 calibration plots (CPs) for
estimating the mean number of maize plants (mNMP) and the mean single-plant cover (mSMPC), 22
un-weeded plots (UPs) to determine the effect of weed competition on maize yield, and 8 weed-removed
plots (WRPs) for estimating maize yield without weed competition. The field B was used to create two
prescription maps (one for SM and one for IM) for the area delimited by the red line

Synapis spp. Raphanus spp., Solanum nigrum L., Convolvolus spp., Fallopia convolvolus
(L.) A.Léve, L., Datura stramonium L., and Echinocloa crus-galli (L,) P. Beauv.

On 14 June, two flights (pre- and post-cutting of maize plants) were carried out at the
4-5 leaf stage on the CPs, and the number of maize plants (NMP;) was counted on each CP;.

On the same date, a flight was carried out on UPs and WRPs, to capture images that,
after being manually annotated, provided the measured values of NMP and MGC for both
UPs and WRPs and R-WGC (after reformulation, see (4)) only for UPs. The purpose was
twofold: (i) to validate the SM and IM estimations done by using the calibration values from
CPs; (ii) limited to IM, to estimate the values of Y_, and g to be used in Goldsmith’s model.

The ortho-photomosaics of the aerial images captured over F,, are available in the
HERSS-MAIZE 2024 dataset (High-rEsolution dRone dataset for Site-Specific weed man-
agement in maize; Berton & Ercolini, 2025) freely accessed online.

In the adjacent portion of the field B, a first flight was carried out immediately following
the maize emergence (27 May) to determine the number of plants per unit area (NMP, 10
by using the algorithm described above. A second flight was performed at the timing con-
sidered optimal for post-emergence weeding (45 leaf stage, 17 June) to obtain the values
of TGC,,, which were essential to verify which management zones had exceeded the thresh-
olds (W/TGgr_gy and W/TGgrr_p)-

@ Springer



89 Page 14 of 24 Precision Agriculture (2026) 27:89

Assuming to use of an ISOBUS sprayer with a working width of 15 m, equipped with 30
independently controlled nozzles, the size of each management zone (MZ) was set to 15 m?
(5.0 m x 3.0 m). Consequently, all SWIM variables expressed per unit area were referred to
a surface area of 15 m>.

Image and data processing

Images were captured using a DJI Mavic 3E drone equipped with a 20 MP 4/3 RGB CMOS
camera. The flight plan was designed using UgCS, a drone flight planning software, at an
altitude of 7 m, with a frontal and lateral overlap of 70% resulting in a ground sampling
distance (GSD) of 0.21 cm.

All images acquired by the UAV were orthorectified and mosaicked using Agisoft
Metashape Professional Edition (version 2.2.0, Agisoft LLC, St. Petersburg, Russia). Ten
ground control points for each field were used for georeferencing, and their positions were
acquired using a Leica Zeno FLX100 GNSS receiver with RTK correction (horizontal error
0f 0.02 m).

The ortho-photomosaics were then uploaded into a Geographical Information System
(GIS) software (QGIS Development Team, 2026), and a multi-layer project was created
using three ortho-photomosaics acquired on: (i) 27 May, at maize emergence on field B; (ii)
14 June 14, pre-cut and post-cut on CPs; and (iii) 17 June, on WRPs and UPs, which in our
field trial, played a dual role. On the one hand, they were used to validate the estimation of
variables (NMP, MGC and R-WGC) calibrated on the basis of CPs, on the other hand, they
provided the values of Y, (average of Yyp values) and Y, (Yyp_i) needed to calculate
YL=Y,, - Yyit (YLyp = mYygrp — Yup_y)- The areas corresponding to the 50 experimen-
tal plots were extracted for each ortho-photomosaic and exported as tiff files.

Green cover segmentation was performed using a green thresholding algorithm based
on the Green Leaf Index [GLI = (2G — R — B)/(2G+R + B)]. A threshold value of 0.05 was
applied to classify pixels as vegetation (GLI>0.05) or as background (GLI<0.05). The
threshold value (GLI=0.05) was empirically determined through preliminary tests to opti-
mize the separation between vegetation and background under the specific illumination and
imaging conditions. The resulting binary mask was used to calculate the proportion of green
cover within each unit area. All the green cover data (TGC, MGC, WGC) were expressed as
percentage area/area (a/a), i.e. as the ratio of the area occupied by plants (maize or weeds)
and the total plot area.

For SM, gg\ was assumed equal to 1 and Y, was set at 10.8 tons of grain dry matter,
based on maize yields obtained in a previous long-term experimentation on the same fields
(Pampana et al., 2002). For IM, g, was calculated by applying the trial-and-error approach
to the 22 equations obtained for each UP, (25 and 26) (Kemmer and Keller 2010a, b),
by using as Y, the average of maize yields of WRPs (mYyygp), as YLyp_ the difference
between mYyrp and the maize yields recorded on each UP (Yp_y) and as W/TGyp_y the
values calculated on the basis of annotated values of MGCyp_ and R-MGCjp_.

The values of Loss of Earnings (LoE,,) were calculated for both methods (SM and IM),
by using the local sale price of maize (216 € t ' of grain) and the Economic Intervention
Threshold (W/TGyg;r) was determined by using the total local cost for chemical weeding
related to the traditional broadcast herbicide application (250 € ha™ ).
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Finally, two different PSA prescription maps (PSAg,,; and PSAy,,) were generated based
on the W/TGgyr_gy and W/TGgpr_py values, respectively.

Data from the 20 CPs were used to calibrate SWIM using both methods (SM and IM).
To assess SWIM reliability the observed values (OB) of the variables (NPM, MGC and
R-WGC), obtained by counting maize plants and manually annotating images captured over
WRPs and UPs, were compared with the estimated values from SM and IM.

Goodness of fitting was assessed trough the calculation of error-based metrics, including
Root Mean Square Error (RMSE) and Mean Absolute Error (MAE) (Willmott & Matsuura,
2005), as well as linear regression coefficient (B;) (Greene, 2003) and variance-based met-
rics such as Modelling Efficiency (MEF) (Loague & Green, 1991), and the coefficient of
determination (R?) (Hastie et al., 2009). Lin’s Concordance Correlation Coefficient (CCC)
and its corresponding 95% confidence interval (CI) (Lawrence & Lin, 1989) provided infor-
mation on both accuracy and precision by measuring the proximity of the point cloud to the
identity line, relative to a reference scenario constructed assuming independence between
variables but identical means and variances (worst-case scenario).

Regarding potential damage estimation, a direct comparison between observed (OB) and
estimated (ES) damage could not be performed due to the absence of validation plots. For
consistency assessment purposes only, the comparison metrics between YL values derived
from SM and IM applications and those measured in UPs were reported, although UPs were
also used for calibrating the Goldsmith’s model in IM.

The statistical significance of damage within the three treatments, OB, SM-estimated
(ESg\p) and IM-estimated (ESyy;) was assessed using #-test for NPM and MGC and analysis
of variance (ANOVA) for WGC, according to a randomised complete block design. Statis-
tical testing was limited to variables showing spatial variability across the field (NPMyy,,
MGCy, WGCqgy, WGCyy, YLy, and YL ).

All data were processed by using R version 4.3.2 within the RStudio Desktop IDE, ver-
sion 2025.05.1.(R Core Team, 2024).

Results
Weed detection

The observed and estimated values of all weed detection variables relating to the UWs and
WRPs, which in this case acted as validation plots, are reported in Table 1. The mean value
of OB and ESg,;n; Were very similar and also the differences between ESgy; and ES,; were
also limited. Indeed, no significant difference was found between OB and ES,, for NMP
and MGC, nor among the three treatments (OB, ESgy;, and ES}y,) for R-WGC.

The observed (OB) and estimated (ES) values of the variables involved in the weed
detection phase (NMPua, SMPC, MGC, and R-WGC) on UWs and WRPs, which served as
validation plots, are reported in Table 1. Overall, the OB and ES values were highly compa-
rable, and the differences between the estimates obtained using the two methods (ESgy; and
ES;\p) were limited across all variables. Statistical analyses, where applicable, confirmed the
absence of significant differences between OB and ES},, for NMPua and MGC, as well as
among OB, ESSM, and ESIM for R-WGC.
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Table 1 Observed (OB) and estimated values (ESg); and ESy,; for SM and IM, respectively) for all the vari-
ables included in the weed detection phase: Number of Maize Plants (NMP,,), Single Maize Plant Cover
(SMPC), Maize Green Cover (MGC) and Weed Green Cover (WGC). Values are expressed as the mean of
values relating to validation plots (WRPs and/or UPs)+1 standard deviation (except for variables whose
value was fixed)

Variables Number of plots Observed Estimated-SM Estimated-IM
NMP,, (nm™2) 30 (WRP+UP) 8.296+0.699 ns 8.667 8.363+0.694 ns
SMPC (m?) 30 (WRP+UP) 0.026+0.003 0.025 0.025

MGC (m? per plot) 30 (WRP+UP) 0.962+0.134 ns 0.969 0.939+0.078 ns
R-WGC (m? perplot) 22 (UP) 0254+0231ns  0.22040240ns  0.244+0.233 ns

Table 2 Goodness-of-fit metrics comparing observed and estimated values for variables showing spatial vari-
ability across the field in the weed detection phase: Number of Maize Plant, NMP , ;\; Maize Green Cover,
MGC;y; Real Weed Green Cover, R-WGC,y,). The reported metrics are: Root Mean Square Error (RMSE),
Mean Absolute Error (MAE), linear regression slope (f;), concordance correlation coefficient (CCC) with
confidence interval (CI), Model Efficiency (MEF), and coefficient of determination (R?). The optimum values
are reported for reference

variable - method RMSE MAE B, CCC MEF R

NMP,, v 0.186 0.156 0.974 0.963 C1=0.925-0.982 0.927 0.937
MGCyy, 0.113 0.095 0.933 0.461 CI=0.194-0.664 0.261 0.295
R-WGCgy 0.096 0.082 0.893 0.915 CI=0.809-0.963 0.821 0.857
R-WGCy, 0.089 0.076 0.916 0.924 C1=0.826-0.967 0.845 0.855
Optimum value 0.000 0.000 1.000 1.000 CI=1.000-1.000 1.000 1.000

The goodness-of-fit metrics of the estimated versus observed data are reported in Table 2.
Among error-based metrics, RMSE and MAE indicated a good agreement for R-WGCgy;v
(RMSE<0.10 and MAE<0.09) and for MGC,; (RMSE<0.12 snd MAE<0.10). The linear
regression slope (B,) showed the highest value for NMP , 1\, (0.974), and similarly high
values were observed for the other three variables (1 > 0.89).

Regarding variance-based metrics, MEF and R? indicated good agreement for NMP, s,
WGCgy,;, and WGCpy, (MEF>0.82 and R*>0.86), but not for MGCyy;, for which substan-
tially lower values were obtained (MEF=0.26 and R? = 0.30).

The behaviour of the concordance correlation coefficient (CCC) confirmed these results.
CCC values were high for NMP, 1, and R-WGCgyyp (>0.91) and the corresponding
confidence interval (CI) widths were narrow (<0.16). In contrast, MGC},, exhibited a low
CCC value (0.46) and a much wider CI (0.47).

Potential damage

The values used for the application of the Goldsmith model (¢ and Y,,,), the observed and
estimated values of Yield Loss (YL) relating to UPs, and the economic intervention thresh-
old, expressed as W/TG are reported in Table 3.

In this case, the differences between ESg,; and ES;,; were more pronounced than those
observed for the variables included in the weed detection phase. Both g, and Y,y were
approximately 20% lower than the corresponding SM estimates, while an even larger differ-
ence was observed for YL (—32%). Comparison with the observed YL values showed that
SM overestimated YL (+25%), whereas IM resulted in a slight underestimation (—10%).
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Table 3 Observed (OB) and estimated values (ESg); and ESy; for SM and IM, respectively) of the input pa-
rameters (competition coefficient, ¢ and maize yield in the absence of weed competition, Y, ) and the output
parameters (Relative Yield Loss, YL) of the Goldsmith model, as well as the economic intervention threshold
expressed as the ratio between real weed green cover and total green cover (W/TGgr). Values are expressed
as mean+ standard deviation, except for variables with fixed values

Variables Number of plots Observed (OB) Estimated-SM (ESqy,) Estimated-IM (ES},,)
q() - - 1.00 0.81

Y, (thah) 22 8.63+1.429 10.80 8.63

YL (tha™ ) 22 1.47+0.888 1.96+1.224 1.33+0.876
W/TGgr () - - 0.107 0.157

Consequently, the economic intervention thresholds calculated using SM were lower than
those obtained with IM (=32%).
The Fig. 5 shows the graphical solution used to determine W/TGgr.

Prescription map generation

Two different precision spraying application (PSA) maps (PSAg,, and PSAy,) were gener-
ated for the portion of the field dedicated to SWIM application (F,,,), based on the eco-
nomic intervention thresholds previously calculated (W/TGgr_gy and W/TGgyr_pyp)- The
results are reported in the Table 4.

The W/TG values calculated using the IM calibration pattern, were markedly higher than
those obtained with the SM parameterisation. The mean W/TG values across all manage-
ment zones (MZs) in F,,, were equal to 0.145 and 0.272 for SM and IM, respectively,
while the number of MZs with negative W/TG,,, values was 13 for SM and only one for IM.

Consequently, despite the lower W/TGgr_gy compared with W/TGgrp_py (0.107 vs.
0.157), the theoretically achievable herbicide savings were 44% using PSAg,; and 28%
using PSAy.

Discussion
Estimation of variables

In general, the estimates of the variables included in the weed detection phase (NMP , s
R-WGCgy;, and WGCyy) were consistent with the observed data (Table 2). The calcu-
lated metrics confirmed the reliability of SWIM in providing simulated values close to the
observed ones, as indicated by the error-based metrics, and in reproducing the variability
of the variables of interest, as shown by the variance-based metrics. Only MGC_,,; showed
poor performance in terms of variance-based metrics, indicating a limited ability to repro-
duce the pattern of maize coverage values observed in the validation plots (UPs and WRPs)
(Table 2).

The unsatisfactory MEF and R? values obtained for MGC,, can, however, be attributed
to the low variability of MGC within the plots (coefficient of variation of the observed
data in UPs and WRPs=0.137), which was considerably lower than that calculated, for
example, for WGC (coefficient of variation of the observed data in UPs=0.889). Conse-
quently, although the differences between observed and predicted values were relatively
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Fig. 5 Graphical solution for the determination of the economic intervention threshold expressed as the
ratio between real weed green cover and total green cover (W/TG). The figure shows the relationships
between W/TG and the loss of earnings (€ ha™ ') associated with maize yield reduction due to weed com-
petition (solid line: Simple Method; dashed line: Improved Method). The weed control cost (250 € ha™ ')
is represented by the horizontal dotted line. The vertical solid (SM) and dashed (IM) lines represent the
projection of the intersection point between treatment cost and damage estimation onto the x-axis, identi-
fying the economic intervention thresholds (W/TGgr_gvm)

Table 4 Statistics of the two Precision Spraying Application (PSA) maps generated using the economic inter-
vention thresholds calculated with the Simple and Improved Method (W/TGg;p.gy and W/TGgppy, respec-
tively). The table reports the mean W/TG,,, value (ratio between real weed green and total green cover for
each management zones, MZ), the number of MZs with W/TG,,, < 0, the number of MZs with W/TGy;, <
W/TGgyr, and the total number of MZs in F, .,

PSAmap W/TGgp  Mean value of W/TGy,* W/TGy; <0  W/TGyy < W/TGgr  Total MZs

) © () (@) ()
SM 0.107 0.145 13 30 68
M 0.157 0.272 1 19 68

* mean values were calculated by setting W/'TG,,, < 0 equal to zero

small in absolute terms (see RMSE and MAE), the estimated MGC-,, values were unable
to reproduce the variability of maize coverage observed in the validation plots. Indirect con-
firmation of this interpretation is provided by the estimated values of R-WGC-SM which,
although obtained by subtracting the constant value of MGCg,, from TGC, were close to the
observed values in terms of both accuracy and precision.

An important condition for verifying the correct application of SWIM is that R-WGC
and MGC are positively correlated, or at least independent. This ensures that competition
phenomena have not yet started or, at least, that their effects remain limited; otherwise,
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the additivity on which the DSS is based would no longer hold, and the calibration pro-
cedure would lose much of its effectiveness. In our field application, for example, MGC
and R-WGC were moderately positively correlated (»r=0.46, calculated using the measured
values of MGC and R-WGC on UPs).

It was not easy to identify studies suitable for comparison with the present work, as
the methods employed were highly heterogeneous and therefore only partially comparable.
Nevertheless, we report the results of some studies considered most relevant to the objec-
tives of the present research.

The proposed algorithm for estimating NMP , 1, achieved high accuracy, exceeding that
reported in recent studies on early counting of maize seedlings from UAV images. In con-
trast, previous studies based on multispectral vegetation index reported lower performance,
with R? values ranging from 0.61 to 0.88 and higher error levels, depending on seeding rate
and weed density (Sun et al., 2025; Yang et al., 2024). The high accuracy achieved in the
present study can be attributed to the decision to acquire crop images in the early growth
stages (V1-V2, first-second leaf stage), thereby eliminating the problem of overlapping
leaves among adjacent plants. Moreover, at this stage, weed development is still limited,
and therefore the corresponding green pixel clusters are unlikely to exceed the recognition
threshold adopted by the algorithm, provided the farmer performs the usual soil tillage and
seedbed preparation procedures.

The estimates of other variables were within the range of error magnitude commonly
reported by other UAV-based studies. For MGC, our RMSE value (0.113) is comparable
to the values reported for vegetation cover estimation using high-resolution RGB or mul-
tispectral UAV imagery, including vegetation index—based approaches (Yang et al., 2021).
A previous study using indices such as NDVI and EVI reported RMSE values between
approximately 0.05 and 0.09, with these indices generally outperforming others with lower
accuracy (Yang et al., 2021).

Despite the comparable RMSE levels, the coefficient of determination of MGCpy, obtained
in the present study (R? = 0.30) is substantially lower than those reported in the literature,
where R? values above 0.94 have been documented for vegetation index—based methods
(Yang et al., 2021). Comparable discrepancies between error magnitude and correlation
have nevertheless been observed in UAV-based studies relying on RGB image segmentation
or machine learning techniques, which show comparable RMSE values but markedly differ-
ent R? values in comparison with observed data (Shu et al., 2023; Du et al., 2022).

Regarding WGC, the estimation performances achieved on R-WGCg,; and R-WGCy
matches partly with previous studies that used RGB imagery for weed detection in maize
cultivation. The observed error levels were lower than those reported in our earlier work
(RMSE=0.14 and MAE=1.02 for MGC; RMSE=0.12 and MAE=0.82 for WGC) (Erco-
lini et al., 2022), but higher than those obtained by using computer vision—based approaches
(R2=0.96) (Chen et al., 2024).

The current study did not include a formal validation of the estimation method of Poten-
tial Damage; only the internal consistency of the calibration of Goldsmith’s model could be
evaluated. The values of the performance metrics were worse than those obtained for the
validation of weed detection variables. However, the two economic intervention thresholds
identified, expressed as WGC (11% for SM and 18% for IM), were comparable, although
slightly higher than the threshold ranges reported in other studies conducted on maize
(Nikoli¢ et al., 2021) (0—10%) and sunflower (0—15%). (Lopez et al., 2016).
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Studies applying SSWM systems for generating prescription maps for Patch Spraying
Application in maize have reported highly variable herbicide savings, ranging from 40%
to 90% compared to uniform application (Nikoli¢ et al., 2021; Allmendinger et al., 2024).
Nevertheless, it is important to highlight that the results are strongly affected by the size of
Management Zones (MZs), since the W/TG,,, values to be compared with W/TGg,r can be
subjected to compensation or agglomeration effects in related to the spatial distribution of
weed community.

The differences observed between SM and IM PSA maps (Table 4) are the direct con-
sequence of the differences of the corresponding W/TGgr values (0.11 vs. 0.15) and, in
turn, of the parametrisation of Goldsmith’s model. The value chosen for Y gy and g were
clearly overestimated compared to those used for IM (10.8 vs. 8.6 t ha ! and 1.00 vs. 0.81,
for SM and IM, respectively). Moreover, the inability of the SM to provide a spatial estimate
of MGC led to a systematic overestimation of its value, as demonstrated by the number of
MZ for which W/TG,, resulted negative, since MGC,;,_g\ Was higher than TGC,, (13
MZ out of 68). Nevertheless, SM may still represent an acceptable simplification under
conditions of low spatial variability of crop establishment and development, or where tech-
nological constraints limit the adoption of more sophisticated approaches.

Limits in DSS application

The effectiveness of the WGC quantification method relies on the accuracy of the MGC
determination which, in turn, was based on two key assumptions: (i) uniformity of invest-
ment, i.e. the number of plants per unit area (NMP,,); and (ii) uniformity of crop plant
development, i.e. the Single Maize Plant Cover (SMPC).

Consequently, the consistency of SM depends on the reliability of the mean values of
NMP and MGC calculated on the CPs as estimators of the values for the entire field. In
the case of IM instead, the goodness of estimation was driven only by the homogeneity of
maize plant crop development, since NMP , was calculated for each MZ. This assumption
may be acceptable during the early stages of crop growth, when light, water, and nutrients
are generally non-limiting factors. A possible exception is early planting which, because of
low temperatures, can cause differences in maize plant phenology, as some of them may
germinate and grow earlier than others.

The use of calibration plots for the weed detection phase was essential for the effective-
ness of the DSS, although it makes its application less straightforward. On the other hand,
it must be considered that establishing and collecting data on calibration plots (CPs, UPs
and WRPs) represents an additional activity for the farmer, the implementation of which
is economically justified only if the calibration data are used to manage a sufficiently large
cultivated areas.

Calibration also plays a crucial role in the potential damage phase. In this case, although
the plots to be established (UP and WRP) do not refer to maize to be weeded and therefore
their effectiveness will be consequently reduced, their contribution to the estimation of Y,
and ¢ remains important to provide an indication of the initial values to be used. Starting
from these references, farmers can formulate a subjective assessment of the attainable yield
under weed-free conditions and of level of competitiveness of the weed communities usu-
ally present in their fields, in order to adjust the parametrization of Goldsmith’s model to
their site-specific conditions.
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In any case, the economic intervention threshold should not be understood as a single
value, but rather as a range within which the farmer can decide to assume a different level of
risk, whereas outside this range the decision whether to treat or not becomes unequivocal.

As reported by other Authors (Nikoli¢ et al., 2021), the size of the management zone is
a crucial choice, since it can determine significant variations in the areas to be treated and
therefore in the savings of herbicide. This aspect can be adequately explored only through
extensive field testing of the use of the DSS. The main bottleneck, however, remains the
actual capacity of the farmer’s equipment to manage small MZ sizes, both due to functional
limitations (the ability to independently manage sections or individual nozzles) and con-
structional limitations (the distance between nozzles).

Conclusions

The proposed DSS proved capable of discriminating between maize and weed green cover
with a level of precision and accuracy coherent with the requirements of field application.
However, when using the estimated variables to create PSA maps, SM demonstrated limita-
tions resulting from a non-spatially differentiated estimate of maize green cover, which led
to negative, and therefore unrealistic, weed green cover values for approximately 20% of
the analysed MZs. The use of IM allowed these limitations to be overcome (only one MZ
out of 68 had negative R-WGC values) and overall resulted in better performance for both
error- and variance-based metrics.

The calibration phase based on experimental plots remains crucial to ensure the effec-
tiveness of estimations, but it may also represent an obstacle to the widespread adoption of
SWIM at the farm level. Plot establishment is a time-consuming task due to the require-
ments for image acquisition and processing. For this reason, we are currently evaluating
the possibility of replacing this step with a SMGC calibration based on smartphone image
acquisition on an adequate number of maize plants.

Despite the limitations discussed above, SWIM has the advantage of not requiring the
availability of expensive software, or knowledge of sophisticated image processing tech-
niques, thereby making its application immediately accessible to farmers. In our opinion,
the relative simplicity of SWIM can contribute to a wider diffusion of SSWM techniques at
the farm level also through greater farmer involvement in the decision-making process and
in the conscious assumption of the share of risk associated with the choices made.

Further extensive experimental trials will be required to fully assess the effectiveness
of SWIM, not only in terms of the accuracy of the estimated variables, but above all with
respect to the outcomes achieved in terms of herbicide savings and any potential yield
reductions in maize managed according to SSWM criteria.
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