5 Comparison Test of Proximal and Remote Sensing Data

5.1 Aim of the Experiment

The purpose of this work is to develop a map of soil coverage degree based on the
calculation of FC and to validate and compare the results obtained from the
application of a proximal imaging technique based on RGB images with those obtained
using the commonly employed remote imaging method in precision agriculture, which

involves the use of UAVS.

5.2 Materials and Methods

5.2.1 Experimental Site

The experimental activity was conducted within a plot of the Teaching and
Experimental Agricultural Farm of the University of Milan "A. Menozzi" located in
Landriano (PV), &ly (45°319 N- 9°265 E). The maize cropZéa mays L hybrid P1916
FAOG600) was sownon April 17, 2023, on an experimental area of 33.6 m in width,
corresponding to 48 rows of maize with an interow spacing of 0.70 m and 210 m in
length, ensuring an area of 7056 m? (0.71 ha). No chemical or physical weeding was
performed prior to the survey. The monitoring of the experimental area was carried out
on May 17, 2023, when the crop was at the W34 stage, an ideal time to plan a post

emergence chemical weeding interventionJames et al., 2007)

5.2.2 Determination of Fractional Green Canopy Cover (FC)

TheFCis defined as the vertical projection of vegetation above a defined are&4). The
size of the sampled area depends on the experimental purposes and the crop
considered, in this case, 0.7m, equal to the interrow spacing of the crop. For each
sampled area, the proportion of area occupied by vegetation idetermined byusing a
method employed in numerous studies, which involves calculating the Excess Green
Index (ExG)(Zhang et al., 2018) for each pixel on the RGB channels and imposing a

minimum threshold (Teg). All pixels with an ExG value above this threshold are
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considered as vegetation. This threshold is automatically determined using Otsu's
method (Riomoros et al., 2010) on a calibration field image where no weeds are
present. Otsu's method is useful for finding a value capable of separating a bimodal
distribution into two parts. In this case, the bimodality is ensured by the simultaneous
presence of plants, which will have higherExG levels, and soil, which will be
characterized by lower, often negative, index levels.
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The field area used for threshold calculation is located at the head of the field and has
been weeded using a norocalized method, receiving two interventions, one pre
emergence and the other postemergence. The preemergence intervention was
carried outusing Lumestra® (Syngenta®), a commercial product for controlling narrow
leaf and broadleaf annual weeds, composed of Encarit (720 g/l dimethenamidg, 1
I/ha) and Callisto 480 (480 g/l mesotrione, 0.3 I/ha) mixed in 300 liters of water. For the
post-emergence intervention, the product used consists of a mixture of Laudis
(Bayer®) (44 g/l tembotrione, 2.25 I/ha) and Ghibli (Syngenta®) (40 g/l nicosulfuron, 1.5

I/ha) in 250 liters of water.

5.2.3 Remote (UAV) Aerial Survey and Generation of FC Map

Aerial surveys using UAVs were conducted using a quadcopter (DJI Mavic 3M)
equipped with a RGRligital camera with a 4/3 CMOS sensor and a resolution of 20 MP.
The positioning of the aircraft is achieved through the higprecision positioning
module (GPSRTK) onboard, which is used for flight control during missions and to

synchronize the position with the acquired data.

The survey involves executing a mission in automatic navigation at a constant altitude
of 40 m, during which the aircraft follows a trajectory passing through a series of
waypoints to capture images at a regular frequency ensuring an 80% overlap between
consecutive frames and between frames belonging to adjacent trajectories. This level
of overlap is necessary to ensure the generation of the map (orthophoto) allowing
orthorectification and image mosaicking algorithms to work correctly. The chosen

flight altitude for the experiment is lower than that commonly used in surveys of this
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kind (usually around 60 nj) and Huang et al., 2017, considering the use of consumer
grade RGB cameras for such purposes, indicates a reasonable altitude range between
40 m and 100 m. In this experiment, a relatively low altitude was chosen to prioritize

the quality of the informationused to generate the FC map.

The software used for mission planning and subsequent image processing is P1X4D.
The resulting orthophoto is then divided into a regular square mesh of 0.7 m sides, and

for each area, the FC is calculated.

5.2.4 Proximal Surveys and Generation of the Infestation Map

The proximal sensing monitoring utilizes a commercial RGB sensor camer&gPro
Hero 8descripted in Sect.2.3) with a resolution of 12 MP. The camera was positioned
at a height of 2 m with the lens parallel to the ground plane, secured to a supporting
structure made for this purpose using square aluminum profiles (Bosch Rexroth AG,
45 mm section), attached to thetractor via a three-point coupling to firmly support the
camera and avoid excessive vibrations during tractor movement. In this configuration,
the camera can capture anarea of 4 mby 3 m. To minimize FC estimation errors due
to perspective, the images wee rectified and cropped to include 4 rows of maize with
their inter-row spaces, covering an area of 3 m in width and 2 m in length parallel to the

tractor's direction of motion.

The images were collected by setting the camera to

time-lapse mode with an acquisition frequency of 2

Hz. This frequency, considering the tractor's set speed
of 2.5 km/h, is sufficient to ensure that all areas of the |
field are captured. During processing, to reduce datag
volume and processing time, a subset of the images §
was automatically selected with the criterion of :
minimizing overlaps, thereby using the minimum

number of images possible.

Figure40. Setup for proximal image
acquisition mounted at the rear o

The infestation map is generated by processing the

selected images, dividing them into 8 zones with a'" tractor.

97



width of 0.7 m equal to the intefrow distance and a length of 1 m to calculate their
respective FC. For each zone, the relative position of the centroids of the individual
areas with respect to the camera is transformed by imposing a rotation equivalenbt
the angle of the tractor's motion direction and a translation equal to the position
determined by the camera's internal GPS receiver. Finally, the interpolated FC map
was divided into a regular square mesh of 0.7 m sides for comparison with the map
obtained through UAV surveyimage analysis was performed by developing a script in
MATLAB environmentThe positions of the area centroids were projected onto the map
and associated with the corresponding FC attribute value, enabling the subsequent
spatial interpolation of values. Finally, the interpolated FC map was divided into a
regular square mesh of 0./ sides for comparison with the map obtained through UAV

survey.

5.2.5 Treatment Scale -- Remote (UAV)and Proximal Sensing Validation

The size chosen for validation represents the treatment scale, i.e. an area that could
be used as uniform management zones for high accuracy precision spraying in real
time treatments. The data collected using proximal imaging and UAV techniques were
validated by comparing the FC data with ground truththat is represented by FC
determined using images captured mder optimal conditions. Theground truth frames
images were acquired by installing a CanorbD camera on a tripod adjusted to
maintain it at a fixed height of 1 m from the ground andriented parallel to the ground
plane [pitch and roll ~ OJand ensuring optimal lighting conditions by using a shade
cloth to make the subsequent analysis for the FC calculation as accurate as possible
In this case, for FC calculation, segmentation was obtained using software (CANOPEO
- Patrignani et al., 2015) that consistently segments vegetation surfaces in an image
using a combination of multiple indices based on RGB color channels. In this case, the
ratios between the R and G bands and between the Bxd G bands, as well as the Ex

G index introduced earlier, are considered.
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The parameters P1 and P2 typically have values close to 1 in the literature (Paruelo et
al., 2000), while P3 typically assumes a value around 20 to select predominantly green
pixels (Meyer and Neto, 2008). The default parameters used by Canopeo are P1950.
P2 =0.95, and P3 = 20.

For validation purposes, 90 sampling surfaces
were identified in the field, eachmeasuring 0.7 m
by 0.35 m, identified by corresponding yellow
markers embedded in the ground, whose
absolute positions were accurately determined

using a GPSRTKreceiver.

The GPS position was used to extract from the
map obtained through UAV survey all the sampled
areas accurately, while the physical presence of
the markers was helpful to manually extract from
the rectified proximal images the same areas, as ;
the GPS receivein the camera did not prove to be Figure 41.  Aerial image of the

experimental field. Ground contro

sufficiently accurate to produce metadata useful s are indicated in yellow

for accurate extraction.

5.2.6 Proximal Scale --- Remote (UAV)and Proximal Imaging Comparison

Intermediate-scale comparisons were obtained by comparing areas larger than those

used for validation. For this purpose, GCPs were used to extract sample areas at a
proximal scale, using the same procedure as describeth Section5.2.5. In thiscase,

2 m by 3 m areas were extracted to compare data at a different scale, which for

proximal images represents their operational scale.

5.2.7 Field Scale --- Remote (UAV)and Proximal Imaging Comparison

The fieldscale comparison was obtained through the difference map, which shows
the deviations between the FC levels detected in the map obtained with proximal

images and that with UAV.
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5.3 Results

5.3.1 Treatment Scale -- Remote (UAV)and Proximal Sensing Validation

The results obtained in the validation of the UA¥cquired images show that the
estimation of FC using this method tends to generally underestimate the ground cover,
as evidenced by the slope of the correlation lindsee Fig. 43b), whichis 0.5. In this
case, the coefficient of determination is 0.79, the RMSE is 11%, and the MAPE is 8.4%.

Regarding the validation of proximal images, again, the FC values tend to
underestimate the actual field conditions, but in this case, the estimation is better as
the slope of the correlation line (see Fig. 43a) is 0.92, and the coefficient of
determination reaches thevalue of 0.93. The observed RMSE is 5.5%, and the MAPE is
4.91%.
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Figure 42. Comparison of images used for FGralidation. Starting fom the left: proximal image
acquired with Canon 5D used to calculate the FC as considered as ground trytproximal image
acquired with GoPro Hero 8 and cropped to fit with the corresponding validation sampl&AVsurvey
orthophoto cropped to fit with the corresponding validation sample.
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Figure43. Validation results. FC estimated over an area 00.7 by 0.35m at 90 GCP.
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5.3.2 Proximal Scale -- Remote (UAV)and Proximal Imaging Comparison

From an analysis of the results at an intermediate scale, the tendency to
underestimate FC for data collected with UAV has been confirmed. However, there are
some areas where the FC estimates made with the two methods provide very similar
values and areaswhere, contrary to what was seen previously, the estimate made with
UAV provides highevalues. InFigure 44, the FC values estimated with the two analysis
methods for all sampled areas are reported.To understand the causes of these FC
differences, two examples were extracted corresponding to cases where UAV

estimation shows maximum overestimation and maximum underestimation.
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Figure44. FC estimated over an area of By 2 m at 90 GCP. The red line shows the exampl
extracted as the case where th@JAVleads to the greatest overestimation while the green lir
shows the case where the greatest underestimation occurs.

The first example shows a casevhere the UAV underestimates FC levels, which
occurs when small weeds are present that are not visible at UAV resolution. As a result,
the segmentation outcome tends to lose numerous detailsmaking the generated map
less accurate. This makes it difficult to detect weed in their early stages of
development and those with very narrow leaf blades, such as monocots, rendering the
prescription map, and consequently the treatment derived from if less effective

exposing the crop togreater weed competition.

The second example highlights a case where the UAV overestimates FC levels, which
occurs when there is a higher level of infestation. In this scenario, the lower level of
detail leads to the merging of nearby clusters or the closing of small empty internal

areas.
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Consequently, the segmentation tends to simplify the shapes of the clusters, making

the generated map less accurate.

This error is lesssevere than the previous oneregardingthe management of weed
competition against the crop, because in theory it ensures that the target weeds are
affected, however, it can still lead to an unjustified increase in environmental impact

due to the unnecessary treatment of additional areas.

Figure 45. Comparison of color-based segmentation results obtained witt
proximal (top) and UAV imagegbottom) under limited FC conditions.
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Figure 46. Comparison of color-based segmentation results obtained witt
proximal (top) and UAV imagegbottom) under severe FC conditions.
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5.3.3 Field Scale -- Remote (UAV)and Proximal Imaging Comparison

Theresults of the FC estimation athe field scale are depicted for each individual area
in Figure 47. The maps generated using proximal images (see Fig7a) and those
obtained with UAV acquisition (see Figd7b) show thatthere are differences between
the FC valuesestimated with the different imaging methods The maps obtained with
the two sensing methods confirm what wasobserved at GCP on asmaller scale
i.e. that in this case the UAV images produced FC estimates that tend to be lower
Thereforein this case, the map obtained with drone images represents a situation
where the weeds pressure appears to have a lower intensyt compared to the real

situation
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Figure47. FC map of the experimental field obtained by proximal imaging (a) and by U&.

The histogramin Figure 8 shows the probability distribution of observed differences
in FC levels between tle map generated with UAV images and that generated with
proximal images. In 80% of cases, the estimation with proximal images provides a

higher value compared to that with UAV images.
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Figure 48. Map of FC differences between UAV and proximal sensing a). Deviatiowalue
distribution b) and its cumulative density function c).

Finally, regarding the time required for generating the prescription map, the one
obtained with UAV images took about3 hours of computing time, equivalent to a
spatial processing capacity of 01 ha/h. In contrast, for proximal images, it is in the
order of 16 minutes, equivalent to a spatial processing capacity of & ha/h, thus

superior in comparison.

5.4 Research Obijective Achieved

The proximal imaging method provided significantly highequality information related

to FC and consequently, for estimating weed infestation pressure based on this
method. Additionally, the proximal method demonstrated greater efficiency in terms
of calculation time required for map creation, thereby enhancing the timeliness of any

treatments based on a prescription map derived from it.

Remote sensing provided information that should be evaluated carefully. In contrast
to the proximal sensing, UAV data could often provide conflicting results, which were

neither systematically overestimated nor underestimated, but varied depending on
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the time of detection and the type and degree of infestation and should therefore be

considered less reliable.

Realtime proximal image analysis has the potential to make UAV surveys and the
subsequent generation of prescription maps unnecessary. Moreover, as a critical
factor in significantly reducing costs, it could also eliminate the need for highly

accurate GPSRTK positioning systems during both treatments and monitoring.
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6 2D-Based Algorithm s for Weed Sensing in Maize

The use of proximal images for estimating weed infestation levels in the field, based on
soil cover evaluation as discussedn the previous Chapter, allows for more accurate
information to be obtained. Additionally, the acquisition and processing of this
information are faster. Estimating weed infestation from a single image isot enough
to accurately determine the presence and location of weeds and to manage herbicide
application with high precision. Therefore, it is necessary to develop algorithms
capable of reattime detection of areas with a high probability of infestation and to
convert the results of these algorithms into prescription maps. These maps can then

be used to perform the treatment concurrently with the acquisition of information.

6.1 Aim of the Experiment

The objectives in this section focus on the development and comparison of two
different algorithms based on the evaluation of F@nd the use of proximal RGB images
as inputs for weed detection. Additionally, these algorithms aim to generate othe-go
prescription maps that can be used to guide sitespecific weeding treatments
concurrently with the data collection. The evaluation of the results obtained from the
two methods was carried out through the simulation of precision treatments across
different scenarios, each representing field conditions with varying levels of observed
weed infestation. The performance of these methods will be compared with that of a
conventional herbicide treatment simulation, which involves the uniform distribution

of herbicide across the entire surface, representing the standard treatment.

To conclude, the feasibility of using the tested algorithms in reaime was assessed
by monitoring their execution time across scenarios of varying complexity, with the aim
of evaluating their potential field capability. The execution time also depends othe

hardware used to run the MATLAB script.
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6.2 Material and Methods

6.2.1 Image Acquisition and Setup

The sensor used for the trial i$SoProHero 8, mounted on the tractor using the same

support structure described indetail in Section5.2.4.

The images were acquired by programming the camera in timelapse mode to capture
a frame every 0.5 (freq. equal to 2 Hz). This acquisition frequency was chosen based
on the estimated average displacement of the tractor Qisp). Given the tractor's
forward speed /=) during the survey, which ranged from 2 to 2.5 m/s, this frequency
ensured adequateoverlap ©Il) between consecutive frames, thus ensuring complete
coverage of the monitored area. The percentage overlap is calculated by dividing the
tractor's displacement between two consecutive acquisitions Disp) by thelength of

the frame in the direction of the tractor's movement
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6.2.2 Image pre-processing

After acquisition, the raw images were rectified to remove lens distortion and
subsequently cropped to include only the relevant area for analysis using various
algorithms. Considering the characteristics of the cameraused and its installation
heightat 2 m, the effective working area in this case has a widtlp() of 3 m and a length
(ba) of 2 m. This dimension allows for sampling an area coveridgows of maize along

with the inter-row spaces over a length of 2nin a single image.

The pixelto-meter conversion was achieved by analyzing a calibration image taken
after mounting the camera on the support attached to the tractorgee Sect. 3.2.4 for
details). Prior to imageacquisition, a checkerboard pattern (also used forestimating
the camera'’s intrinsic parameters) was placed on a flat surface directly beneath the
camera. The conversion was performed by capturing the image, rectifying it, and

segmenting all the black squares of the checkerboard. Since the dimensionsf the
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black squares are known(30.5 mm each side), oncesegmented and the average area
in pixels calculated, it is possible to converteach pixel into equivalent surface

measurements (m2) or linear distances (m).

Figure 49. Calibration image with visible in the
center the checkboard pattern.

The vegetation visible within the images was segmented using thiExGindex, with a
threshold applied based on Otsu's method, agletailed in Sedion 3.2.3. The esulting
binary masks were then processed using two different algorithms to create
prescription maps, enabling precision chemical weedcontrol interventions in reak

time during the survey
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Figure 50. Example of a color image acquired with th
experimental setupduring the trial.

6.2.3 APatch -spraying Approach Simulation [Management Zones]

The first algorithm, termedUniform Management Zones N2), exemplifies a patch
spraying approach that provides a higher precision level and smaller patch sizes

compared to UAV(based precision agriculture techniques. In this case, the algorithm
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generates a realtime prescription map, rather than obtaining it via posiprocessing as
in UAVGbased workflows. This method processes one image at a time, dividing it into 8
areas that can be uniformly treated following FC assessment, allowing for immediate

treatment if necessary.

The algorithm simulates a treatment using a spray bar section equipped with four fan
nozzles, each with a 60° () angle, positioned at a heightH,) of 0.65m. This setup is
designed to manage a work zone with a widthp{) of 0.75m. The selection of this type
of commercial nozzle was based on preliminary sizing calculations, performed as

follows:

« b,=0.75m —*

Figure51. Diagram of the setup used to simulate treatment with the MZ method he
sprayer boom is shown in black, while the four nozzles difie simulated section are
shown in yellow.

Considering this setup and the dimensions of the acquired frame, it is possible to
divide the sampled areainto a single image into 8 sections, each measuring 0.75 by 1
m, which can be treated uniformly Figure 50 on the right illustrates the 8 zones

individually labelled andhighlighted in different colors as an example.

Within each individual zone, the cover fraction will be calculated, i.e. the ratio of the

area occupied by vegetation to the area of the zone itself.
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The logic that determines whether an area is to be treated or not is based on its FC,
which if it exceeds a certain imposed threshold is to béreated. Section 6.2.4.3 will
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outline the method used to determine the thresholds used in the colorimetric

segmentation and that used for treatment.

Figure52. Labelling of individualtreatment zonesfor MZ algorithm On the left binary image result of
the color-based segmentation process. This image is then divided into individual areas to determ
the FC within each area. On the rightare showed the individual areas labeled individually an
represented with a color representative of the unique ID associated with the area

6.2.4 AMicro-spraying Approach Simulation [Local Cover Fraction]

The second algorithm named Local Cover Fraction (LCHEpresents a micro-spraying
application and is more complex because it involves evaluating local FC by
differentiating between intrarow and interrow spaces. The process begins with
identifying the positions of the four visible crop rows within the image. Following this,
a preliminary classification of potential weeds in theinter-row spaces is conducted,
and an estimation of infestation pressure along the row (intraiow) is performed. This
approach ams to generate a highlyaccurate prescription map that can be utilized in
real-time during the survey.This algorithm simulates a treatment using a spray bar
section equipped with 14 nozzles featuring a 20fan spray pattern. These nozzles are

positioned at a height(H,) of 065 m andcan managea working width p,) of 0.2m.

Ng Ng Ny Nyy Ny N3 Ny

<+
b,=0.2m
Figure 53. Diagram of the setup used to simulate treatment with theeCF method. The
sprayer boom is shown irblack; the nozzles ofthe simulated section are shown in yellow
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The selection of such commercial nozzles is based on preliminary sizing calculations

as follows:
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Figure 54. Labelling of individual treatment zonesfor LCF
algorithm. The image shows the individual areas labelet
individually and represented with aspecific color representative o
the id of each actuator workspace used in simulations to evaluat
the treatment

6.2.4.1 Determining the singlecrop row space with 2D images

After colorimetric segmentation, the first step of the algorithm involves identifying the
positions of the 4 visible crop rows within théinary maskby calculating the positional
distribution of pixels segmented as vegetation. This distribution is obtained by
summingh q | 2 1J faille@éh£adluinh ilithebinary mask, where pixels classified as
vegetation are assigned a value dfrue' or 1. The resulting distribution helps identify
the positions of the 4 peaks, which represent the most probablécations of the crop
rows, given that in conditions of moderate to low infestation, the crop vegetation in
these positions is widely predominant. To make the identification of peaks more
robust, a parameter of 05 m (approximated to 500 pix.)was used as the minimum
distance there must be between one peak and another adgent peak. An example of

the result of this stepis shownon the left inFigure 53

In cases of highweed infestation, the 4 peaks might not be correctly identifiecand for
this reason, when anomalies are detected in the number(4 rows) and/or position

(relatively equally distributed) of the peaks, the information fromall the previous
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observeddistributions can be used as a referencéo limit the local effect of areas with

high levels of infestation

Figure53 on the rightshows an example ofdetermining the position by averaging the
current position with the peaks extracted from a single imagend the estimated

position, which is the average of current positions and previous ones along a straight
line trajectory of 200m that represent a single pass, and can be updated with each

direction change.

After estimating the positions of the crop rows, asingle row space segmentation is
performed. This process involves generating a mask composed of 3 linpssitioned in
the local minima that lies between the peaks highlighted abovewhich aresubtracted
to separate the 4 peaks identified (or thaverageposition in the case of high infestation
scenario). The purpose of this operation is to break the potential continuity of clusters

related to the different rows within the color mask.
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Figure55. Example crop rowsposition detection. On the left example of instantaneouscrop row
position detection on a single image Theplot shows the sum per column performed on the binat
mask used to segment the vegetation. Thélue triangles indicate peaks that represent the
positions where the crop rows are most likely to béocated. If their distribution is homogeneou:
and their number correct, the position information is correct enough to be used frame after fran
On the right continuously detected position along a 200m straight-line trajectory, calculating the
average between thdast positions detected and previous peak positions

6.2.4.2 Classification of interrow weeds and local cover fraction

After separating the space for each individual row, clusters that are in contact with at
least one pixel of the crop lines are selected as 'potential cropTo accomplish this, a
mask composed of 4 lines is generated at the positions of the peaks previously
identified in the vegetation distribution. This method allows for the selection of all

clusters that are in contact with these lines as potentiatrops. Consequently, all other
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clusters (highlighted inred inFg. 56 right) areclassified as weeds located in the inter
row spacesbecause they are most likely small clusters that are isolated in the inter

row space and have no contact with the cerdr of the row.

Figure 56. Results of first classification phase for LCF algorithm. On the left isshown animage

representing the vegetation labelled by singleluster while on the rightare shown labelledin red
the weeds classified in this phase

The final step involves selecting the individual clusters identified as potential crop
from the vegetation color mask (shown in whiten Fg. 56 right) and calculating the
local cover fraction by summing along each row. The purpose of this step is to
determine the distribution of vegetation along each row andompare these values to
the maximum allowable threshold, as specified in the subsequent Seabn 6.2.4.3.
Areas with values exceeding the threshold are identified as critical local vegetation
density zonesand are segmented anchighlighted inpurple in Figure57 on theright.
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Figure 57. Segmentation of critical areas with LCF methodOn the left: Histogram of the
LCFmeasured for each crop-row. The red lines represent the threshold used to identify i
highly infested areas those that exceed this threshold On the right: result of th
classification process, red areas represent inteirow weeds detected in the first step of th
algorithm and the magenta-colored areasshows zoneswhere the distribution of biomas:
along the row reaches defined critical levels
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6.2.4.3 Determination of Thresholds

The threshold used in colorimetric segmentation and those required to identifyhe
areas to be treated aredetermined by running thecalibration algorithms on an image
of a clear field, where weeds are either absent or manually removed. Additionally,
under these conditions, an initial estimate of the crop row positions is made, which

will be updated during each successive pass of the treatment.

For segmenting the plant material from the
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soil, the ExG index is calculated to determine f

the threshold using Otsu's method. The
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threshold reflects the crop conditions and
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example, the determined ExG threshold is o
Figure 58. Frequency dstribution of ExC

60.8, meaning that all pixels with an ExG value single pixel values in the calibratior
frame.
greater than this threshold are classified as

vegetation.

To determine the thresholds used for treatments, both algorithms are executed, and
the output is considered as the typical soil cover level of the crop at the time dfe

survey. This value is then increased by 5% to account for any minor differences in crop
vigor in specific areas of the field and to prevent these variations from affecting the

treatment decision.

For theMZmethod (seeFig. 59a), the cover fraction is determined for each individual
zone. The maximum value among th& zones is then selected and increased by 5%,

resulting in a value of 0.13 in this example.

For the LCF method (see Fig. 59b), the peak value of the local cover fraction is
extracted from all visible rows and similarly increased by 5%, resulting in a value of
0.28.

Inconclusion, Figure 59c also illustrates an example of how the crop row positions are

determined on the clean field frame
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Figure 59. Determination of thresholds used for treatment. (a) FC measured in the ¢
areas considered by the MZ method in the clean field imageseful to calculate the
threshold used in the treatment (b) LFC measured in the clean field image used

determine the threshold used in the treatmentThe extracted value is highlighted in tt
green and yellowcircles. ¢) Example of crop row position estimationextraction in the
calibration frame where no weeds are presentin this case the positions of the

individual rows are easily visible since the weeds are not present. Orange triang
indicate automatically determined peaksi.e. crop row position

6.2.5 Ground Truth Image Labelling

To evaluate the performance of the algorithms under different infestation conditions,
15 imagesmeasuring 3by 2 m were manually labeled. These images were selected
based on three increasing infestation classes (low, medium, and high), classified
according to its FC. The images were manually labeled by editing the pixel values,
assigning blue (RGB [0, 0, 255]) to the crop pixels and red (RGB [255, 0, 0]) to the weed

pixels. The labeled images were then used as ground truth to verify the performance
and theimpacts of the simulated treatments.
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Figure 60. Manually labelled ground truth image.
The areas labeled in red represent the weeds whi
the crop is labeled in blue

6.2.6 Results Metrics and Environmental Impacts

The performance of the simulated treatments was assessed by calculating sensitivity,
specificity, accuracy, and precision indices, evaluating the outcomes by overlaying
appropriate binary masks. The treated areas were derived from the algorithm outputs
(Treated). By overlapping these with the ground truth masks labeled as weeds, the
mask of weeds hit by the treatment was obtained. The labeled images were thus used
to generate masks for the crop (Crop) and weeds (Weeds) by segmenting them
according to the RGB values used during the labeling process, as described earlier in
Section 6.2.5. Below, thelogical operations performed to obtain the values used for
calculating performance indices and those related to the environmental impact of the
operation are summarized in pseudocode.

Inputs : Binary Logical Masks (Treated, Crop, Weeds)

Frame Area( Fa) = size(l) rows * size(l) columns

Treated Weeds( TP) = Treated & Weeds

Treated Crop( FP) = Treated & Crop

Untreated Weeds( FN) = Weeds & (~Crop)

Untreated Crop( TN) = Crop & (~Treated)

Treated Area( Ta) = area (Treated)

Treated Soil (Ts) = area (Treated & ~(Crop | Weeds)) /F a

Logical Operators:

& = AND ~ = NOT | =OR

Figure 61. Pseudocode of the logical operations carried out to evaluate tt
performance indices of the treatments
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The indices used to evaluate performancef the classification results were calculated
as indicated below, using the values corresponding to the areas obtained from the
combination of the binary masks described earlier. These indices allow for an
assessment of the treatment's effectiveness by comparing the algorithm's outputvith
the ground truth data, providing insights into the accuracy, precision, sensitivity, and

specificity of the weed management approach.
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Theindex used toassess the environmental impact of the treatment is based on the
determination of the amount of herbicide that misses its target and reaches the soil.
This approach was chosen because herbicide that reacheghe soil can cause

environmental harm through various mechanisms, as discussed in Sein 1.5.2. By

calculating the amount of herbicide that affects the soll, the value provides a measure
of the potential environmental damage that could result from the treatment. This
consideration is crucial for undersianding and mitigating the broader ecological

consequences of herbicide application

6.2.7 FC-dependent Intervention Modulation

To evaluate the intervention modulation capability of the different methods based on
the infestation level in different scenarios, the outputs were compared in terms of
sprayed area as the FC values increased. €modulation capability indicates the
range of FC values within which the algorithm operates, differentiating it from theD
method where 100% of the surface area would be treated. The comparison highlights
how effectively the algorithm reduces the treated area compared to a uniform

application, especially in scenarios with varying levels of weed infestation.
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6.2.8 Field Capacity Estimation

To assess the reatime applicability of the two algorithms, the field capacity F..,) was
estimated by considering thesampled area in each frame and the average execution
time (texec) Measured across all conditions. The field capacity reflects how efficiently
the algorithms can process data in reatime, which is crucial for their practical

deployment in PA applications

It should be noted that this value is purely indicative and depends on the performance
of the machine on which the algorithms are executed. These values were obtained by
running the script in a MATLABnvironmentusingthe PCL. Given the type of setup and
the potential to further optimize the computation process with more powerful
hardware and more efficient programming languages (e.g., C++), there is significant
potential for improvement and reduction of the observed computationtimes in the

test.

6.3 Results

6.3.1 Ground Truthimages labelling

Below is a summary of the image labeling process used for evaluating the performance
of the different herbicide distribution methods. The images were divided into three

distinct groups, corresponding to different levels of ground cover and thus varying

intensities of weed infestation.

3)18%

)19% 5)18%
Figure 62. Results labeling on low level of FC images(FC < 22%). The areas
labeled in red represent the weeds while the crop is labeled in blue
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6)24 %

924% 10)30%

Figure63. Results labelingon low medium of FC imagegY Y »XIOY O] P
The areas labeled in red represent the weeds while the crop is labeled
blue.

14)33% 15)31%

Figure64. Results labelingon highlevel of FC images(FC >30%). The areas
labeled in red represent the weeds while the crop is labeled in blue

6.3.2 Treated Area

The results obtained from evaluating the amount okurface areas treated using
different simulated methods are quite interesting Figure 65 presents the average
values obtained across all ground cover scenarios for each method, comparedith

the simulation of uniformly distributed treatment (UD).

The MZ method ensured an average reduction in the amount of herbicide used by 10%
compared to the nonlocalized method, with quantities ranging from 25% to 100%
across the different simulations. In contrast, the LFC method achieved a significantly
greater reduction, with an average decrease of 45% compared to the nelocalized
method. In this case, the areas treated across different scenarios varied between 12%
and 82%.
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This evaluation highlights the different behaviors exhibited by the algorithms across
the proposed scenarios. At firstlook, it appears that the reduction in the amount of
herbicide distributed has indeed been achieved. However, these results must be
supported by adequate levels of treatment efficacy Therefore, in the following
section, we will assess whether the reduction in the amount of herbicide used has

compromised the overall effectiveness of thetreatment.
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Figure 65. Average percentage ofthe sampled
areatreated in the simulations, representative of
the amount of herbicide distributed

6.3.3 Evaluation of Treatment Efficacy

This section presents the indices used to evaluate the performance of th@mulated
treatment. Specifically, the average values obtained by the different methods across

the simulated scenarios are summarizedn Figure66.

MZ LCF uD
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Figure66. Confusion matrices of treatments based on 2D images. Values are given in percentage

Regarding sensitivity, the UD method has an average value of 1, as it uniformly treats
the entire area, inevitably targeting all weeds present within the treated zone. The MZ
method, on the other hand, achieves a sensitivity value close to that of the UD nietd,
approximately 0.94, which is higher than the LCF method's average sensitivity value of
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0.87. This reduction in sensitivity for the LCF method is due to the decreasethe area

treated, which leads to some weeds being missed.

In terms of precision and accuracy, the proposed methods yield higher average values
compared to the UD method 0.63 and 0.66 for the MZ method, 0.74 and 0.75 for the
LCF method, respectively.

In conclusion, considering the treated area discussed in the previous section, it is
evident that the LCF method achieved a 45% reduction in input, though it
compromised sensitivity by 14%. This reduction was possible due to the high
specificity achieved by the algorithm, which was not observed tde the same with the

MZ method. For a more detailed analysis and comparison between the results

obtained with these algorithms and thoseobtained with 3D sensing, refer to Secton

8.5.
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Figure67. RGBbased adgorithm performance indexessummary.

6.3.4 FC-dependent Intervention Modulation

From the analysis of the treated areas across different scenarios, and by examining
the curves representing the percentage of treated surface, it becomes evident that the

curve for the MZ method reaches saturation at an FC value of 19%. This indicates that
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beyond this FC threshold, the MZ method will tend to treat the entire area, behaving

similarly to the UD method under these experimental conditions.

In contrast, the treatment curve for the LCF method shows a more gradual response
with the treated area increasing in direct proportion to the rise in FC, without ever
reaching saturation under the observed experimental conditions. Consequently, the
LCF mehod offers greater input efficiency, supporting the algorithm's performance as

demonstrated in the results.

Given that the experimental conditions did not lead to the saturation point for the LCF
method, this level was estimated using the regression line derived from the observed
values for the LCF methodseeFig. 69). Bycalculating the intersection point, it can be

estimated that the LCF method would only reach a point of equivalence with the UD
method at extremely high infestation levels, characterized by FC values reaching up to

49%.
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Figure69. Point of indifference between the LCF and UD methad
Such FC values are indeed very high and generally occur infrequently in typical field

conditions at the phenological stage considered in this study, which is when post
emergence herbicide application is usually performed. It is important to note that
these infestation levels were primarily reached because no presowing or pre

emergence herbicide treatments were conducted, which would have helped to keep

the FC levels within more manageable ranges.
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6.3.5 Environmental Impact Index

The results obtained regarding the environmental impact index confirm the
effectiveness of the algorithms in reducing the amount of herbicide applied and
increasing the precision of its application. Both methods resulted in less product
waste by reducing he percentage of offtarget distribution, which for the uniformly

distributed method was 74%.

In the simulations, the MZ method reduced offtarget product application to 66%,
representing an 11% reduction compared to the uniformly distributed method. The
LCF method performed even better, reducing offarget application to 35%, which
corresponds to a 53% eduction in environmental impact compared to the uniform
method. Therefore, both methods aresuitable for contributing to the reduction of the

environmental impact of postemergence herbicidetreatments.
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Figure 70. Environmental impact of the spraying
operation assessed on the proportion of land sprayec

6.3.6 Field Capacity Result s

The estimated field capacities confirm the potential for reattime application of the
algorithms. These capacities refer to a single acquisition module with a working width
of 3m. Typically, sprayers used for these treatments havbears ranging from 12 to 36
m in width. Therefore, the potential field capacity reported can be increased by
employing multiple modules in parallel Furthermore, implementing the algorithms on
higher-performance single-board computers and deploying the code using more
efficient programming languages (such as C++ or C#) would enable an additional
increase in field capacity. This is due to the ability to support higher advancement

speeds, thanks to faster execution times
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Theresults show that the MZ method has a higher field capacity due to its simpler
algorithm, which requires less processing time (an average of 0.44. Its field capacity

is 4.87 ha/h, and it can support a theoretical advancement speed of 16.4 km/h. In
contrast, the LCF method has a lower field capacity, at 2.73 ha/h, given the average
execution time of 0.8s, which supports an advancement speed of 9 km/h. Assuming
the use of four modules in parallel on a 12n bar, the estimated average field
capacities are 19.5 ha/h for the MZ method and 10.9 ha/h for the LCF method

Tablel. Field capacity estimation results for MZ and LCF methods

[UM] MZ LCF
Execution time S 0.44+£0.00 0.8+0.08
1 module4.87 + 0.2, 2.73 +0.27
4 modules19.5+ 0.8 10.9+1.08
Theoretical speedd km/h 16.4+£0.1. 905

Field capacity ha/h

6.4 Research Objectives Achieved

The two presented algorithms have shown potential for regime application under

field conditions, although there remains the possibility for performance improvement

through integration with more advanced platforms. The LCF algorithm demonstrated

better capability in modulating the intervention during simulations, leading to a

t eHt qcUqReca Wl DT eAqRYUWRUOWq6 W WeGYe UqWY nwé 13l |

weed control effectiveness, achieving resultdike the UD method

In terms of environmental impact, the LCF method achieved a reduction of
approximately 53% compared to the UD method. Statistical analysis has confirmed
the significance of these results, which will be furthediscussed in Secton 8.5, which
includes a comprehensive statistical analysis and a direct comparison of the 2D and
3D methods outcomes. In conclusion, the developed algorithms and their simulated
treatments have proven suitable for reaitime field applications due to the following

reasons:

1 The algorithms achieved sensitivity scores comparable to those of the non

localized method, ensuring the effectivenessf the treatment.

1 They reduced the amount of the product used, with the LCF method showing
particularly high efficiency in specificity.
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1 They decreased the environmental impact by reducing the amount of herbicide

distributed to the soil.

1 They demonstrated the ability to be used at typical operational speeds for such
tasks, thus ensuring adequate field capacity for reatime application without

compromising the timeliness of the intervention
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7 Laboratory -scale 3D Plant Characterization

The aim of this section is to identify the most significant geometric and morphological
characteristics that can be used to make a classification based on thesand make it
possible to efficiently discriminate a crop from weeds This analysis focused on the
primary crop,Zea mays L, during its early vegetative stagewhich correspond to those
stages of development in which the posttmergency weeding intervention is carried
out. Additionally, to assess which parameters are most effective for discrimination,
data were also collected on the morphology of various weed species. These included
monocotyledons such asEchinochloa crus-galli L.and Lolium perenne L, as wdl as
dicotyledons like Solanum nigrumL. and Amaranthus retroflexus L These species are
commonly found in the region and typically compete with the crop involved in the

experiment.

The study specifically targeted the early growth stages of the crop because this period
corresponds to the critical time for weed removal (CTWR). This window is crucial for
developing an integrated weed management strategy that limits competition and
proteFqt W HI YGW ! RUGT WcecqWa6c! 210t ql i T WGTE Y2RA
characterization during these stages is vital to enable timely postmergence

chemical weed control interventions without harming the crop.

Data collection was managed using a singlaxis linear actuator specifically designed
for this purpose. This actuator was independently controlled by an Arduino Uno
microcontroller, interfaced via USB with the PC1. Using the MATLAB development
environment, the PC managed the movement of the sensor along a track positioned
above the cultivation trays. This setup ensured extremely high positioning accuracy,
allowing for the automatic periodic collection of data across the entire workspace with
size 2.2 by 0.8m. This arrangement facilitated sample revisiting, ensuring data

comparability and perfect spatial and temporal alignment.

To carry out the data acquisition, the sensor was mounted on a support attached to
the linear actuator, oriented perpendicularly to the cultivation trays, and positioned at
a fixed height of approximately In above the ground This distance was selected as

representing an optimal compromise to ensure good spatial resolution, capable of
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detecting even the smallest plants for characterization from the early growth stages. It
also prevents the plants from growing too close to the sensor, as they approach the

minimum measurable limit of the depth sensor, which is 0.5 m

7.1 Aim of the Experiment

The aims of this experiment are to enhance understanding of using the R&EBsensor
(Kinect V2) for plant characterization in a more complex environmergnd with many
individuals observed atthe same time. While the previous test involved observing one
individual plant at a time, this experiment focuses on stitching together multiple point
clouds. The goal is to better characterize the geometric and morphological traits of the

plants involved in the expennent.

7.2 Materials and Methods

7.2.1 Plants Management

Plants were cultivated in greenhouse at the Department of Agricultural and
Environmental Sciences, University of Milan (Italy) under controlled conditions: 24/20

°C day/night temperature, 60-75% relative humidity, and a 1éhour photoperiod.

Theplants were seeded in six cultivation trays, eachmeasuring 0.6 by 0.4 m. Two of
these trays were dedicated to the crop, while the remaining four trays were used for
different weed species. The trays were filled with a fertilized growth substrate
adequate to support plant growth throughout the experiment. After sowing, the trays
were placed within the support structure of a robotic platform, which manages the

movement of the sensor at an approximate distance of 1.1 mbovethe plants.

7.2.2 Plants Material

The plant material involved in this trial includes maize plants as the main crop and 4

weed species as potential targets that may be present in the field

Maize was selected as the primary crop for this experiment due to its commercial

importance and relevance in both the livestock and food industries. In Italy, maize
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cultivation is primarily concentrated in the Po River plain, accounting for more than

88% of the total maize area in the countryl$TAT, 2023).

Thevariety used in this experiment is the Pioneer® 1817 hybrid, classified as FAO 700
- 133 days, and is typically used for grain, silageand corn cobmix production. The
plants were grown from sowing until the third/fourth leaf stage (VE to V4), reaching a
height of between 0.35 and 0.4n. This relatively tall height for thelevelopmental stage

is attributed to greenhouseconditions. The recommended field planting density is 8

8.5 plants/m? for grain production and 8.1- 8.6 plants/m? for silage production
(Corteva). Additionally, the plants were

also grown at a higher planting density of

approximately 20 plants/m2. Although this
density is much higher than that typically
found in the field, it was useful for
assessing the segmentation capability in
extreme conditions, particularly when the

phenological stage surpasses the third leaf

Figure 71. RGB topview image of maize plant
and the crop becomes denser acquired with the automated platform.

Several weed species were also cultivated to examine their geometric characteristics
and test their segmentation using the RGHE sensor. Given their welknown
differences, two monocotyledon and two dicotyledon species were selected,
representing some of the most widespread and common weeds in Italian agricultural

areas.

ThegenusLolium belongs to the autumnwinter grasses, originally from Western Asia.
These are tufted plants with a height ranging from 0.5 to 0m8. Lolium is characterized

by a shallow root system, erect stems, and very thin, glossy leaf blades. This weed is
prevalent in Italian regions and includes various species, among themn perenne, L.
multiflorum, and L. rigidum, all of which hold significant global agricultural
importance, serving asboth pasture crops and weeds (Matzrafi et al., 2020). Under
severe infestation, L. rigidum can cause substantial yield losses, exceeding 30% in

wheat (Lemerle et al., 1995), while field studies in barley have reported reductions of
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up to 85% (lzquierdo et al., 2003). Theéevelopment of herbicide resistance inLolium

populations further complicates control strategies, increasingthe risk ofyield losses.

The Echinochloa genus includes some of the most agriculturally significant weeds
(Holm et al., 1977). Among themE. crus-galli L., commonly known as barnyardgrass,
is a particularly notorious weed with a global distribution. It has successfully adapted
to a range of temperate regions and anaerobic environments, such as rice fields and
wetlands. Its broad ecological tolerance, characerized by its ability to mimic rice,
rapid germination, swift growth, and prolific seed production, makes it a highly
successful weed in over 60 countries (Barrett, 1983). Various management strategies,
including intensive chemical control, are employed to combat infestations in rice
production systems across multiple countries (Gibson et al., 2003). It has a tufted
growth habitand can reach heights of up to Hm. Theplant can colonizea wide variety
of agricultural systems, including rice, maize, tomatoes, soybeans, and sugar beets. It
is a highly competitive weed that producesnany seeds, which remain viable in the soil
for a long time. Its staggered emergence makes it a particularly challenging weed to
eradicate (Altop K. et al., 2010).

Solanum nigrum L, commonly known as black nightshade, is a widespread
agricultural weed belonging to the Solanaceae family. It is an autumnal plant with an
erect, highly branched stem capable of reaching a height of up to 0/i8. This weed
typically grows in various soil, posing a significant threat to a range of crops, including
maize, sugar beets, grapes, tomatoes, potatoes, sunflowers, and various vegetables
worldwide (Holm et al., 1977). Each plant can produce up to hundredsf seeds, which
can remain vable in the soil for up to 20 years. This longevity is due to seed dormancy,

which prevents germination even under favorable conditions.

The Amaranthus genus comprises approximately 70 predominantly annual species
with a global distribution. Roughly 40 of these specieare native to the Americas, while
the restare indigenous to othercontinents (Costea et al., 2001). In the Italian flora,
there are 21 species from this genuswith the majority considered aliens, and some
having become naturalized and invasive (Conti et al., 2005). Various amarantban

have significant ecological and economic impacts (Camarda et al., 2005). These
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impacts include intense competition with crops, leading to decreased productivity
and crop quality, as well as issues related to toxicity, damage caused by secondary

chemicals, or the spread of pathogens (lamonico, @10).

A. retroflexusis an annual herbaceous plant belonging tahe Amaranthaceaefamily.
It reproduces via seeds and features an erect, woody stem at the base, typically light
green in color. The plant commonly reaches a height &8 - 1 m, with a bushy growth
habit. The seeds produced by this plant have the unique characteristic of remaining

viable in the soil for many years, making it particularly difficult teradicate.

Figure 72. RGB topview image ofweeds plants acquired with the automated platform.
a) Lolium,b) Echinochloa, c) Amaranthus, d) Salnum.

7.2.3 Sensor Carrier

The automated management system for the sensor movememwas custom-built for
the experiment using aluminum profiles (Bosch® Rexroth 28y 20 mm), which are
commonly employed in the construction of structural components for professional
prototypes. The motorized sensor platform is a singlelegree-of-freedom linear
actuator that movesalong two rails. The movement is driven by a toothed belt engaged

with two aluminum pulleys. The driving pulley, installed at the motor end, is directly
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coupled with the motor shaft, providing the necessary power to move the platform
along the rails. The second pulley, mounted at the opposite end, is a freely rotating
idler supported by a tensioning mechanism that ensures the proper tension of the
synchronous belt, preventing slippage.This setup allows for precise andepeatable

positioning of the sensor over thevorkspace.

Figure 73. Overview of the linear actuato
with the sensor attached underneath on th
moving platform. The tworails and the drive
belt are visible

Theactuator used is a stepper motor, a type of motor widely employed in automation
and robotics applications where high positioning accuracy is required (Aranjo et al.,
2012). The specific stepper motor chosen for the prototype is a NEMA 17 model, which
provides an angular resolution of 200 steps per revolution, corresponding to a rotation
of 1.8° per step. This stepper motocan handlea maximum current of 1.5 A, making it

well-suited for the precise and controlled movement needed in this experiment

Stepper motors like the NEMA 17 areideal for applications that demand exact
positioning, as they move in discrete steps and can hold their position without the
need for feedback systems like encoders. This characteristic ensures that the sensor
platform can be accurately positioned along tte rails, which is critical for obtaining

consistent and reliable data during the plant monitoring process.
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To use the motor, a power module (driver) is required, which receives energy from the
power supply and controls the motor according to input signals fromthe
microcontroller. The driver used in this setup is the MDD3A model produced by
Cytron®, which is compatible with the chosen stepper motor and capable of handling
motors with current draws of up to 3 AThis driver is essential for converting théow-
power control signals from the microcontroller into the highpower signals needed to
drive the stepper notor effectively. Its compatibility with the NEMA 17 stepper motor

ensures that the motor canwork properly.
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Figure 74. Components of the control module. On the left are shown themicrocontroller, the
stepper motor driver andthe voltage regulator. On the right: exterior of theassembled control
module with buttons for manual control. The red buttons allow thglatform to move, the green on
to manually acquire images.

The platform can guarantee alisplacement resolution of 0.2 mm (K.env), Which can be
estimated as follows:
- Beltpitch=2 —

- Pulley tooths = 20
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- Motor resolution = 200
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Theprototype also requires two sensors known as limit switches. These are contact
activated switches that play a crucial role in preventing the platform from exceeding
its predefined travel limits. Additionally, they are essential for the homing process,
which is the initial calibration performed every time the machine is started. The limit
switches ensure that the carriage does not move beyond its designated range,
protecting the mechanical components from potential damage.During the homing
process, the carriage moves until it is at this switch allowing the system to establish
a reference position. This process is vital for ensuring that all subsequent movements
of the platform are accurate and within the intended operationaboundaries. The use
of limit switches is a standard safety measure in automated systems, ensuring both

the precision and safety of the device.

The execution of the homing routine involves moving the carriage at a reduced speed
until the upstream limit switch (home switch) is triggered. This event resets a counter
responsible for managing the carriage's position. After the homing operation, the
carriage's position can be monitored by checking the counter variable. Each pulse that
moves the carriage forward corresponds to a clockwise rotation of the motor and
increases the counter variable by 1. Conversely, the variable decreases by 1 if a pulse
is generated that causes the carriage to move backward, resulting in counterclockwise
motor rotation. By considering the displacement resolution mentioned earlier, it is
possible to convert a linear position along the platform's travel into a counter value,
which is treated as the target Targetouner) t0 achieve the desired positioning, and vice
versa.

e Y1 "QQ0
Yoi 'QQo :

The target value can be sent to the microcontroller, which autonomously generates
the necessary pulses to rotate the motor with controlled speed\;) and acceleration
(@), ensuring smooth movement and stopping of the carriage according to the
equations of uniformly accelerated rectilinear motion. The kinematic calculations are
performed by the microcontroller using the execution time of the main loop for

integration, andspatial variables are measured in units based on the number of steps.

133



WO &£ OPQOODWEIR
W 0 O WPd A b do —
N\
0l WYUROwWw—
Cw
WQ 0 WOdgo OO O WPd axgd do —

Y O™ O wd OQ wo Y [ 0Qn

After the homing procedure the platform can be operated either manually or
automatically. In manual mode, the user can move the platform usinghe buttons on

the control module and can trigger an acquisition at any time using the green button

In automatic mode, the carriage receives instructions regarding its position and
movement speed directly from the control station (Master), representedby the PC1.

The components of the platform are managed by a microcontroller (Arduino Uno),
which is specifically programmed for this purpose and capable of interfacing the
platform with the Master via USB. This setup facilitates automated management of the

platform missions and RGBD image acquisition

The desired positioning is achieved by sending a positional target, quantified in motor
steps, from the master. This unit of measurement was chosen to simplify and
streamline calculations based on integer values and for data encoding during

transmission via USB.
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Figure75. Main components and operating diagram of the automated platform

The data transmission protocol uses encoding that casts the desired target value,
encoded as a 16bit unsigned integer (w 2 R U, anfoQvio 8-bit unsigned integers
(w 2 R)Bujtabie for transmission via USB protocol. Below is an example of converting
a 16-bit target value of 5000 into two equivalent &it numbers (19 and 136), identified
as the most significant byte (MSB) and least significant byte (LSB), respectively. The

conversion process is graphically represented ifrigure 76.
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Figure76. Example of target value castd for sending via serial communication

MSB
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Figure77. Automated platform components and operational diagram

Each data acquisition mission involves an initial alignment and the sequential

reaching of all preset waypoints. Upon reaching each waypoint, a color image and a

depth image are captured, which are then converted into a point cloud. A typical

acquisition mission requires the platform to reach 10 preset waypoints. Once all

waypoints have been reached, the platform returns tats homing position. This

process ensures that data is collected systematically and accurately at each specified

location, allowing for consistent and reliable data acquisition across the entire

workspace. The use of multiple waypoints allows for a comprehensive analysis of the

plant structure, ensuring that all relevant morphological data are capturedfor

subsequent processing and analysis

Table 2. List of waypoints of amission reported in metric
unit and the related motor targetnumbers.

Acquisition [N] Position [m] Target [motor step]

1

©O© 00N O~ WN

=
o

0.09
0.27
0.46
0.64
0.82
1.01
1.18
1.37
1.56
1.74

450
1350
2300
3200
4100
5050
5900
6850
7800
8700
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Here is the pseudocode for the scripts necessary to manage the operational logic of

the control module and the master.

Control module
Input1 :Max acceleration
Input 2 : Max deceleration

Input 3 : Max velocity
Input4 : Target

Output 1 : Position feedback

if serial available
- check for a new target
end
- Positioning error calculation
while  Absolute positioning error > 0

Master

Input 1 : List of waypoints
Input 2 : Max acceleration
Input 3 : Max deceleration

Input 4 : Max velocity
Input 5 : Position feedback

Output 1 : Target

for each waypoint

- Send desired position to
platform

while the platform is moving

- Positioning error calculation - wait for correct
- Instantaneous Velocity positioning
if  Positioning error >0 end
- rotate motor counterclockwise - RGB D image acquisition
- send to master position feedback end
elseif  Positioning error < 0 Return to home

- rotate motor clockwise
- send to master position feedback
else
- send to master target reached feedback
- wait until the master has finished
the acquisition routine
end
end

Figure 78. Pseudocode of platform management. On the leftcode of the platform control module
(slave). On the right handling of automated control by the master

It should be noted that in this case, the control technique is opefoop, meaning there
IS no sensor, such as an encoder used for position feedback. Given the low rolling
resistance ensured by the ball bearings, the lightweight nature of the platform and
sensor, and thus the minimal torques involved, as well as the short data acquisition
mission involving only a 2m travel distance, this control strategy is deemed
appropriate. The steps executed by the motor can be considered accurate and without
slippage, which is why position feedback is based solely on the pulses sent from the

microcontroller.

7.2.4 Data Processing

As a first step, the analysis involves reducing the noise in the depth channel. To

achieve this, the raw point clouds were filtered by eliminating outliers using the

method described in Secton 3.2.3. Subsequently, ageometric transformation was
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applied to each point cloud using MATLAB'siGH q | ¢ Utfimdtibnd Bhis
transformation includes the necessary rotation to convert the sensor's reference
frame into the general reference frame (world) and a translation that accounts for the
offset due to the sensor's position relative to the origin of the worldeference frame.
Specifically, this offset is 0.48m along the Xaxis (distance between the sensor and
the origin along the Xaxis), 1.07m along the Zaxis (distance between the sensor and
the groundin the cultivation tanks), and along the Yaxis by an amount corresponding

to the platform's position during data acquisition.

After the roto-translation, the individual point clouds were combined into a single
general point cloud through a merging operation using the MATLAB H G IJ] NIIbB
function. This function returns a merged point cloud by applying a box grid filter in

regions of overlap,in this experimentthe size of the 3D box for the filter set to.8 mm.

Morphological parameter extraction was performed by starting from the general point
cloud and segmenting clusters that identify individual plants whenever possible. This
approach allows for the unique identification of single plants or specific areas,

enabling them to be revisited on different acquisition dates. This makes it possible, for
example, to identify the emergence time of individual plants, even if emergence occurs

at different times.

The segmentation process occurs in two main steps. The first step involves selecting
the vegetation by applying the same methodologydescribed in Secton 3.2.3 with the

method based on colorimetric segmentation, using theExGindex.

Figure79. Example ofcolor-based vegetationsegmentation.
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The second step of the segmentation process involves distanebased clustering,
which is achieved using the MATLAB functiofG #1 1J N THistfunpdtion segments a
point cloud into clusters based on a minimum Euclidean distance between points
from different clusters and assigns a cluster label to each point. In this case, a
threshold of 0.02 m was chosen as the minimum Euclidean distance. Figure 80
provides an example of the clustering of individual maize plants, where the different

clusters are representedby distinct colors corresponding to their labels.
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Figure80. Distance-based individual clustering

Following the clustering process, several geometric features can be extracted to

characterize individual plants. Below is a list of the extractedeatures:

1  Maximumcluster height: The maximum elevation reachedby the cluster.

1 Average height of the points within the cluster: The mean elevation of all points
belongingto the cluster.

¢ Distribution of points along the Zaxis: The probability distribution of the Zaxis
elevations for the points within a cluster, divided into bins 00.01 m. This
distribution helps in understanding how the points are spread across different

heights.
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1 Horizontal shape: The polygon obtained by projecting the points of a single
cluster onto the plane defined bythe Xand Y axes. The points along the outer
edges of the projection are selected using the MATLAB functitwoundary.

1 Bounding box surface: the surface of the quadrilateral that can ascribe the

polygon.

> X » X
Figure81. Example of geometric feature extraction. Starting from the left: single segment
cluster in format of point cloud; extraction of the polygon by identifying the boundary of tr
projection of the points on the XY planewith the specific MATLAB boundary functionFrom
this polygon it is possible to extract the surface area or, as visible on the right, it is poss
to generate the polygon of its bounding bofin violet)to check shape ratiosi.e. for example
the relationship between polygon area and boundig box area

1 Vertical shape: The polygon obtained by projecting the points of a single cluster
onto the plane defined by the X and Z axes. The points along the outer edges of
this projection are selected using the MATLAB boundary function. Before
extracting the edges,a rotation around the Zaxis passing through the cluster's
centroid is applied so that the maximum Feret diameter (the maximum
distance between two points in the cluster on the XY plane) is parallel to the X
axis, ensuring that the most significant polyga is extracted, which maximizes
the visible area

1 Surface area of the shapes: The area of both the vertical and horizontal
polygons.

1 Surface area of the bounding box: The area of the quadrilateral that

circumscribes the polygon
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Figure82. Example of featureextraction output (horizontal polygon (left) and vertical polygon (rigt
plus bounding-box (indicated in blue) of maize plants and a weed (Lolium perenne L.)
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Figure 83. Example of semiautomatic validation interface output. a) example of ¢
point cloud of maize plants segmentedwith maximum Euclidean distance. the
selected point cloud on which feature extraction is taking place is highlighted in re
the yellow point represents thecluster center of gravity. b) distribution of point
along the Z axis. The red triangles identify the position of the peaks. c) extractio
the vertical polygon in blue and horizontal in yellow

The data related to the extracted features, belonging to the different clusters, were
validated semi-automatically by developing a user interface. This interface displays
the extracted point cloud and highlights each individual cluster to be examined, orat

a time. For each isolated cluster, a preview of certain features is provided, such as the
centroid position, the vertical and horizontal polygons, the distribution of points along
the Zaxis, and the number of days since emergence. The interface also ggests an
automatic species classification based on absolute position, which the user must

validate by reviewing the displayed information for accuracy.
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7.3 Results

7.3.1 Segmented point cloud

N6 Rt Wt DRqRYUWGI Wt WU0qt Waqd Wl Ut 2daqt WYHagqec ROWI
RUI R2RT e¢c i WGYRUqWHGOY2T t OWNGE I WaqYqeaWUe aHII W
Q6 WY+ Gl RGWUqWRY WT=ZYAWT Rt ql RHz2 qT We aYUNLW C
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Figure 84. Example of point cloud extraction according to the emergence of the different specie
involved in the test The dusters are shifted along the Xaxis as a function of time since emergence
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Figure85. Example ofhorizontal and vertical shapesextracted in the first 12 days after th
emergency for maize and Lolium

7.3.2 Morphological parameter extraction

Theextraction of morphological parameters has yielded interesting results. The mode
of the heights within individual clusters, when compared at the same emergendime,
becomes significantly differentas early as the second day after emergencéhis is due
to the difference in the growth rate in height between maize and weeds, which cée
effectively utilized in the discrimination process Figure 86 presents the results for the
first 12 days after emergence for both maize and weeds. The data for the wedtsve
been aggregated, as the intention is to achieve a dichotomous classification between
the crop and the weeds Similarly, the analysis of shape coefficients €specially the
ratio of the area of the polygon to the bounding box containing it) also produced
interesting results for both horizontal and vertical polygonsHowever, inthis case, the
discriminative capacity requires a bit more time approximately 3 or 4 days, since this

is the time it takes for maize to develop its first leaves in length, thelog reducing the

values of both extent ratios.
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Figure86. Evolution of heightmode in the first 12 days after theemergencemeasured
with depth data.

1
0.9
— 0.8

0.7

0.6

0.5

m Weeds

0.4 _
03 m Mais
0.2

0.1

1 2 3 4 5 6 7 8 9 10 11 12 13 14
Time from emergence [d]

Vertical extent ratio [

o
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Figure88. Evolution ofhorizontal extent ratioin the first 12 days after themergence.
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7.4 Research Objective Achieved

Data extraction and processing yielded satisfactory results. Among the parameters
extracted, the trend of cluster heights, particularly the height distribution mode,
representing the height where the greatest biomass of a plant is concentrated, proved

to be especially promising for integration into reakime discrimination processes.

Regarding the shape extent ratios (obtained from top and lateral views), these also
represent valuable variables for understanding plant structure and performing
accurate discrimination. However, these variables could present additional
challenges in fieldapplications, as some clusters, unlike in this controlled study, may
be only partially visible or poorly segmented, potentially compromising their

representativeness in terms of shape

This experiment was the first conducted during the doctoral studies and proved to be
highly valuableto gain confidence with the sensor anddevelop analytical methods

based on this type of data. Although not all the extracted features were ultimately
used, this experiment provided the foundational basis for the subsequent

development of other algorithms presented in the thesis
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8 3D-based Algorithm for Weed Detection in Maize

RGBbased algorithms for weed sensing inmaize during the phenological stage of the

Hl YGWbIé OWS WéPbL AWRqWRY WHI e AR¢TWaqYWINn nIIAQR2 I1Ji
rest ofthe crop cycle. At this stage, especially with significant weed growth, it becomes

more challenging to use 2D imagindased sensing techniques to classify segmented

vegetation as either weeds or crops. This task becomes particularly complex when

weed presence and developrent are substantial, as it becomes difficult to accurately

extract and distinguish the relevant features of individual plants. The introduction of

3D sensors can make this task less daunting by allowing the use of additional features

based on depth data, thus making the classification process more accurate.

The decision was made to use color and height as the main discriminant variables
employed by the algorithm for crop detection, considering the results obtained in the
previous Section or by referring to similar studies, such as Andujar (Andujar et al.,
2016). The integration of the shape feature did not yield the expected results because
the segmentation technique used in the field does not allow for a point cloud
clustering suitable for this purpose. For this reason, a positional feature was
employed, which considers the position of the segmented elements relative to the
crop row, like the 2D LFC method described in Sectior®.2.4, where crop lines are

detected using only the color channe] but in this caseadding the depthinformation.

8.1 Aim of the Experiment

The objective of this section is to develop an algorithm capable of identifying crop
positions within a workspace and detecting weeds present in that space. The goal is to
evaluate, under field conditions, the impact of 3D sensor integration on the abilitio
discriminate between crops and weeds.In addition, the collected data will be used to
create prescription maps for highprecision post-emergence herbicide spraying on

maize.

The experiment involves collecting 3D data in motion by installing stereo camera

(StereoLabs ZED 2ziintroduced in Sect 2.2) ona tractor and developing an algorithm
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to improve weed detection, particularly in challenging scenarios characterized by a

high weed presene achieved by omitting preemergence control operations

The weeds identified as targets will be used to simulate potential control strategies
based on two hypothesized methods of action. One proposed strategy considers all
detected weeds as valid targets for treatment (Treat All WeedsTAW), while the other
strategy considers a target valid only if there are more weed points than crop points
within the workspace singlenozzle (Treat Weeds in Majority TWM). The aim is to
evaluate the outcomes of these different control strategies and compare them with

the results that would have been obtained by applying a uniform herbicide distributian

Furthermore, this work also considers the possibility ofa high precision distribution of

biostimulant (BlueN®, see Sect8.2.8) via foliar application. The goal is to assess the
feasibility of site-specific applications to reduce operational costs by minimizing
waste due to soil distribution and limiting the undesired effect of promoting weed
growth that could occur with nonlocalized distribution. This operation could be
carried out simultaneously with herbicide sprayirg, as the biostimulant has been
tested by the manufacturer in mixtures with various pesticides, fertilizers, and
adjuvants. Therefore, a combined application using a déicated spraying linewould

be feasible.

Toenable onthe-go distribution control, it is essential that the algorithm be developed
consideringfor the execution time required for classification. After conducting several
trials, the analytics were developed using binary masks whenever possible, minimizing
complexity and the use of point cloud data. MATLAB offers a wide range of dedicated
functions for point cloud manipulation, which are very useful but often
computationally expensive. For example, thepcsegdistBunction, used for distance-
based dustering and point counting, is useful for dividing points into clusters to study
centroid positions or shape coefficients (as discussedin Sect. 7.2.4). However, it
requires computation times that are incompatible with reattime field applications.
For example another function bpanorm®is useful for calculating surface normals,
which could help recognize maize leaves based on insertion angle and position, but

this too demands significant computationtime.
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8.2 Materials and Methods

8.2.1 Experimental Site

The experimental activity was carried out within a plot of the experimental farm of the
OUR21UI t Rq! WYnW~RdcUWm HO~WJUYAARLWIOREEYNIJT WRU|
The crop Zea mays Lhybrid P1916 FAO 600) was sown on Jude2024 with 0.70 m

row spacing and the monitoring was carried out on July 12024 whenthe crop was at

the V3-V4 stage at the right time toexecute apost-emergencyweedingtreatment. No

chemical or physical weeding was carried out prior to the survey.

8.2.2 Sensor Management

The 3D sensor was mounted on the rear of the tractor using the thrgmint hitch,
supported by a custom-built structure made from 45 mm Bosch Rexroth aluminum
profiles, fixed 90° joints and adjustable joints capable of rotating around an axis. This
setup was designed to provide the necessary degrees of freedom for adjusting the
sensor's height and positioning it directly above a crop row. This positioning enables
the acquisition of both RGB images and depth maps of the area occupied by the crop,
including the lateral inter-row spaces, thereby making the system easily scalable.
Additionally, one of the rotating joints was designed to allow variation in the sensor's
pitch angle relative to the ground, facilitating trials with different angles. Following
these trials, the configuration that enabled topview acquisition, with the sensor
maintained parallel to the ground, was chosen. Considering the height development
of the plants at the time of data collection, the sensor was installed at an elevation of
1.3 m above the ground, ensuring a minimum distance of 0.5 between the plants

and the sensor.

The data acquisition and processing were conducted usinghe PC2 through the

development of dedicated scripts in MATLAB environment.
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Figure89. Field operational configuration of the sensor assembly support

@ Pitch control joint /

@ Yaw controljoints

Adjustable support joints
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Figure90. Adjustable snsor support, design diagram

8.2.3 Crop and Weeds Binary Classification

Building on thepremise discussed in previous Section, which established that maize
plants, given the same time since emergence, tend to accumulate biomass at
relatively higher elevations and at a much faster rate than weeds, especially in the
early vegetative growth stages. Moreover, considering that any mechaniaaperations
necessary for soil preparation for planting can also be designed to inhibit weed
development and effectively allow the simultaneous emergence of both crops and
weeds, it was decided to develop an algorithm based on prior experiences with 2D
image processing where the primary feature identified for separate the inter row

vegetation (weeds) from the row vegetation (potential cropyas the crop row position
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In this case, he raw images (color and depth) will undergo prprocessing to clean the

data and adjust the axis orientation before being processed for classificatian
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Figure91. Top image shows an RGB imageBottom image shows a deptr
map acquired with Zed 2iin field conditions.

8.2.4 Data Pre-processing

The weed detection algorithm involves a preprocessing phase, where the first step is
to transform the raw depth data to achieve the correct orientation of the reference
system axes, ensuring that the zxis represents the height above the ground. This
transformation is accomplished using data from the onboard sensors of the stereo
camera, which include an accelerometer, gyroscope, and magnetometer. The output
provides pitch and roll values of the sensor, which are used to perform the necessary
rotation to restore the correct orientation of the reference axes during the field test.
The initial phase of the analysis involves generating a binary mask resulting from
colorimetric segmentation (maskColor), based on applying a minimum threshold to
the ExXG vegetation index (described in detail in Sec3.2.3) and utilizing a threshold

value determined by Otsu's method
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Additionally, the RGB image was used to detect edges by first converting it to grayscale
and then using it as input for théid T ¥lhdsion, which is based on the Canny method.
This method detects edges by identifying local maxima in the gradient of the grayscale

image.
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Figure92. Overlay of the color mask shown in yellow on the RGB imag

Thesubsequent phase focuses on creating the effective workspace by filtering out all
points outside of the area of interest. This is achieved by generating a binary mask
(maskws) based on the distance from the center of the frame along the-X axes, with
the goal of standardizing the sampled area in each frame and excluding certain areas
near the edges that are characterized by lower quality due to high noise levels recorded
with this setup. Given the optical characteristics of the sensor, the height at whbh it
was installed, and the plant height at the time of measurement, a workspace of 11
along the row axis (X) and th along the ¥axis was chosen. Since the initial location of
the row is unknown, the workspace mask is initially generated using arbitrary
boundaries, with an added tolerance of 50 mm for the first segmentatiorKtoll). The
actual maskws is then recalculated after locating the row, using the matrix of

orthogonal distances from the row, referred to a®isty.

Within the sampled area, it is necessary to clean the data from noise and potential
outliers. For this purpose, a binary maskniaske) is generated based on the gradient
variation of the depth map, excluding points with a total gradient exceeding 250 mm
(Ks), a threshold determined as the 95th percentile of the gradient value distribution,

excluding values equal to 0. This approach enhances the segmentation capability of

151



elements at higher elevations. The mask is generated by applying the maximum

threshold Ky to the output of thefR G N | ¢ fulctibbl, gstag the depth map as its input.

Figure 93. Segmenting with stereo camera. Bove is shown theresult
of applying the gradient filter, belowthe result of also applying the colo
mask.

8.2.5 Crop Row Detection

Theprimary advantage of employing 3D sensors lies in their ability to determine row
position information with greater accuracy compared to the methodon 2D RGB
sensing described in Sect 6.2.4.1. Previously, with RGB imagingrop row positions
could be accurately identified in cases of medium to low infestation levelswith
adequate level of accuracy However, as the level of infestation increased, an
accurate detection of crop rowswith 2D imagingbecame challenging, requiring the
use of the average positionestimated in previous framesto make detection more
robust. This method, however, is not highly reliable, particularly in compensating for

minor misalignments caused by the operator's steering during the survey or by the
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imperfect linearity of the sowing rows, which affects trajectory corrections made by

the operator during sowing operations

In this Section, amethod is proposed for determining row position, which involves
HeclirRatcqRUNDWE Wad!l Wt YOGl W2c¢cdellWet RUNWS qt 2kt L
the upper parts of thevegetation, which is likely predominantly part of the crop, from
lower vegetation, which includes both some cropparts and primarily weeds. To
calculate this threshold, it is necessary to evaluatethe heightfrequency distribution
of the segmented points from the preprocessing phase. The data are discretized into
homogeneous height inervals of 20 mm using the histcounts function. The
segmentation of points that must be considered in the frequency distribution of the
heights values is done by multiplying the depth map with a mask obtained by
performing a logical AND operation between maski., masks, and maskys, followed
by an appropriate conversion to single precision to match the depth map format. The
distribution obtained through this process is used as input for the calculation of the

Otsu threshold ©OtsuH) using the MATLAB functiontsuthresh.
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Figure 94. Result of segmentation based on height. Left: height frequency digtution used fol
threshold calculation using theOtsu® method. The red arrow indicates the threshold identified in thi
example. Right: overlay of the heighbased mask, in blue are showed segmented pixels as hit
vegetation.

Bysegmenting the points with a height greater tha®tsuH, it is possible to accurately
estimate the position and orientation of the crop rowropLine) by fitting a straight line
using thepolyfit function. This function takes the X and Y coordinates of the segmented
points as input and provides thelinear model (Y = mX + yas output. This line is used
to determine the current position of the crop row, which is essential for compensating

for any misalignment between the camera and the crop, as previously described
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Figure95. Example of estimating the position of the crop line in a situation of high weed infestatior

Determining the position of the crop row is essential for identifying several important
features that will be used during the discrimination process. These features include
the relative distance of the points from theCropLine (DistY.)) and the Euclidean
distance from the line at theOtsuH height (Distosy). As mentioned earlier, DistYe is
necessary for defining the actual workspace and for determining the operational areas

of individual actuators duringtreatment simulations.
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Figure96. Estimated crop-row distance map.

8.2.6 Detection of the Near Crop Row Volume

The next step involves identifying the vegetation within a specific volume defined by
the space located at a distance less than(0.5 - OtsuH) and this will be defined as
Nearco, vVegetation, as indicated by the distance matrixDistos,. This volume will likely
contain all the parts close to thestem of the crop plants, vegetation with generally
higher heights near the center of the rowand some of the taller weeds that are

centrally located relative to the crop row.

Identifying this volume using a binarymask (maskvoiosu), Where Distosy < Nearcop,

serves a dual purpose. First, it isolates this volume by disrupting the continuity of blobs
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present in theglobal color and gradientmasks, a common occurrence in cases of high
infestation, and scond, it provides a region for applying the flood fill technique to the
segmented blobsin maskign, procedure, which will be discussed in more detail in the

following section.

Figure97. Segmentation of the near croprow volume.

8.2.7 Binary Classification

The classification method involves treating the image regions with heights above
OtsuH (masknign) separately from those below(maski.). Thehigh region is processed
using both the masks and the maskcqior previously applied during the preprocessing
phase. This approach aims to maximize the segmentation potential offered bje
depth channel for highelevations. In contrast, the low region is segmented by applying
an additional mask that excludes edges identified in the color channel. Edges in the
color channel are chosen for the low region to enhance the segmentation capabilities,
particularly for smaller plants. This is because color channel edges are better suited
for distinguishing different elements in the scene compared to the depth channel,

where small discontinuities are less effectively detected due to their similar heights

The flood fill techniqueinvolves selecting all pixels connected to a specific chosen
point. In this case, this technique is employed after individually labeling thélobs
present in the maskigh using the fowconncompunction. This function outputs a list
of pixels belonging to each individual blob. By selecting the first pixel from each of
these lists, its position index is used to expand the selection to all connected pixela
the mask floodFillws), which results from the logical OR operation betweemmaskign

and maSkV()lOtsu .
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