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Abstract: Jimson weed (Datura stramonium L.) is a toxic weed that is occasionally found in fields with

common bean (Phaseolus vulgaris L.) for the processing industry. Common bean growers are required

to manually remove toxic weeds. If toxic weed plants remain, the standing crop will be rejected.

Hence, the implementation of an automatic weed detection system aiding the farmers is badly needed.

The overall goal of this study was to investigate if D. stramonium can be located in common bean

fields using an unmanned aerial vehicle (UAV)-based ten-band multispectral camera. Therefore

four objectives were defined: (I) assessing the spectral discriminative capacity between common

bean and D. stramonium by the development and application of logistic regression models; (II)

examining the influence of ground sampling distance (GSD) on model performance; and improving

model generalization by (III) incorporating the use of vegetation indices and cumulative distribution

function (CDF) matching and by (IV) combining spectral data from multiple common bean fields

with the use of leave-one-group-out cross-validation (LOGO CV). Logistic regression models were

created using data from fields at four different locations in Belgium. Based on the results, it was

concluded that common bean and D. stramonium are separable based on multispectral information.

A model trained and tested on the data of one location obtained a validation true positive rate and

true negative rate of 99% and 95%, respectively. In this study, where D. stramonium had a mean plant

size of 0.038 m2 (σ = 0.020), a GSD of 2.1 cm was found to be appropriate. However, the results

proved to be location dependent as the model was not able to reliably distinguish D. stramonium

in two other datasets. Finally, the use of a LOGO CV obtained the best results. Although small

D. stramonium plants were still systematically overlooked and classified as common bean, the model

was capable of detecting large D. stramonium plants on three of the four fields. This study emphasizes

the variability in reflectance data among different common bean fields and the importance of an

independent dataset to test model generalization.

Keywords: toxic weeds; processing industry; logistic regression; machine learning; precision agriculture;

leave-one-group-out cross-validation; cumulative distribution function matching

1. Introduction

Flanders (Belgium) is the largest exporter of frozen vegetables in the world with
a production value of EUR 682 million [1]. Common bean (Phaseolus vulgaris L.) is an
important crop for this industry where the pods of beans are harvested mechanically.
However, common bean growers are facing increasing risks of toxic weeds, such as Datura
stramonium L. (jimson weed), Solanum nigrum subsp. nigrum L. (black nightshade), and
Solanum tuberosum L. (volunteer potato). In common bean, the weed D. stramonium poses
the biggest problem. It is an annual containing, among other toxins, the alkaloids atropine,
scopolamine, and hyoscyamine. The weed poses a significant problem due to its high
toxicity of all plant parts. Occurrences of D. stramonium poisoning resulting in death
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(unrelated to the consumption of common bean) have been reported [2]. Moreover, the
weed is rapidly spreading in Belgium [3] and the rest of the world [4], and it has been
found in processed common bean [5].

There are very few active substances available to target this weed (clomazone, dimethe-
namid-P, bentazon, and ethofumesate), which raises concerns among growers and the
industry regarding inadequate control in the future. Moreover, if D. stramonium is discov-
ered in the field, the growers face the risk of income loss. The frozen/canned vegetables
processing industry commonly adopts a visual inspection approach to identify poisonous
weeds in bean fields. This inspection is carried out during the week preceding harvest,
where the field’s edges and diagonals are inspected for any problematic weeds [6]. Farmers
are required to manually remove the toxic weeds, failing which, the standing crop will be
rejected. However, this method has a significant limitation in terms of its low detection
probability, especially when the inspected field is large and the weeds are relatively small.
Moreover, visual field inspections are time-consuming; labor-intensive; and subject to the
inspector’s expertise, leading to subjectivity issues.

Datura stramonium and common bean have been shown to be distinguishable from
each other using spectrometer measurements performed during the growing season on
greenhouse-grown plants [7]. Simulations based on these measurements suggested that
the two species could be distinguished with the use of ten commercial of-the-shelf filters.
Research has shown that reflectance measurements in the visible and near infrared (NIR)
wavelengths can be used for discriminating between weeds and crops [8–11]. However,
these studies do not use data gathered at different locations to test their models’ generaliz-
ability. As a result, reported accuracies are often remarkably yet unreliably high, and results
do not demonstrate the usefulness in practice. By using an independent test set, researchers
can assess the model’s performance on unseen data, ensuring that it generalizes well to
new observations under different conditions beyond the training data. This is a major step
often overlooked in most research aimed at developing a practical weed detection system.

It is well established that machine learning models perform well on interpolation (or
near-interpolation) tasks but struggle with extrapolation, and although their generalizabil-
ity is usually tested on samples with attributes similar to the training data, real-world data
rarely align perfectly with the training data [12]. So, to develop a model that generalizes
well, it is important to obtain consistent reflectance measurements. However, variations
in reflectance measurements may be attributed to, e.g., biotic and abiotic stressors [13],
soil reflectance [14], and variations in illumination and atmospheric conditions [15]. One
way to address these challenges is the use of vegetation indices (VI). Another potential
correction method between different datasets involves the application of the cumulative
distribution function (CDF). This non-linear approach aims to eliminate systematic dis-
crepancies between datasets [16,17] by transforming the data to ensure that their CDFs are
equal. Implementing such correction methods is crucial to ensuring the dependability of
reflectance data over multiple growing seasons amidst varying environmental conditions
and stressors.

In this study, we opted for an unmanned aerial vehicle (UAV) as a platform, as they are
easy-to-use, flexible, do not disturb the plants, and are able to yield high spatial resolution
imagery [18]. However, a trade-off has to be made between ground sampling distance
(GSD) and flight duration. MicaSense [19] recommends a minimum flight height of 40 m
above the canopy for the RedEdge Dual camera, the sensor used in this study, to reduce the
discrepancies in the images captured by the different lenses. However, successful studies
have been conducted at lower flight heights [20–22]. If weeds are small, the resolution must
be adequately high to discriminate them, consequently restricting the drone’s mapping
capability to a smaller area.

The goal of this study was to locate D. stramonium in common bean fields. For this
reason, four objectives were specified. The first objective of this study was to test the
spectral distinctness of D. stramonium and common bean by creating and applying models
using a dataset derived from one location (I). The second objective was to assess the optimal
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GSD considering the time-resolution trade-off and the quality of the orthomosaic (II). The
third and fourth objectives of this study tested the generalization of a model with a dataset
separated in space and time from the training dataset. Therefore, a model was applied to
fields with unseen data. To address differences between datasets, VI were incorporated
in the model and/or CDF-corrected data were used (III), and data from diverse fields
were incorporated by applying a leave-one-group-out cross-validation (LOGO CV) to
CDF-corrected data (IV). The novelty of this paper lies in two key contributions: first, the
detection of D. stramonium in common bean fields, and second, the development of a model
that can accurately predict outcomes in untrained scenarios.

2. Materials and Methods

2.1. Study Areas

Data were collected from fields of four different locations in Belgium: Merelbeke
(50◦58′47.5′′N, 3◦44′38.9′′E), Oudenaarde (50◦51′3.9′′N, 3◦37′2.5′′E), Houthulst (50◦57′47.1′′N,
2◦53′57.6′′E), and Meulebeke (50◦57′8.0′′N, 3◦18′11.6′′E). Table 1 provides information on
the species, study area, inter- and intra-row spacing, and time of image acquisition. The
fields in Oudenaarde, Meulebeke, and Houthulst were managed by farmers under the
supervision of commercial companies, and the one in Merelbeke was an experimental
field managed by ILVO (Flanders Research Institute for Agriculture, Fisheries and Food,
Merelbeke, Belgium). Figure 1 provides an overview of all locations.

Table 1. Information on crop, weed, image collection, resolution of orthomosaics, and flight height for

different locations (CS: clear sky (0/8–1/8), PC: predominantly cloudy (6/8–7/8), PCS: predominantly

clear sky (1/8–2/8)).

Oudenaarde Merelbeke Meulebeke Houthulst

Phaseolus vulgaris (commercial)
variety

Koala and Nagano Fresano Sintra Sintra

Datura stramonium (botanical)
variety

var. stramonium var. stramonium var. tatula var. stramonium

Soil type sandy loam sandy loam sandy loam sandy loam

Number of D. stramonium
plants in screened area

>400 35 34 90

Screened area (m2) 2445 380 735 730

Planting date 26 June 2020 14 May 2020 15 July 2022 5 July 2022

Date of image collection
2 September 2020 (68 *, BBCH

7)
12 July 2020

(59 *, BBCH 7)
15 September 2022 (67 *,

BBCH 7)
11 September 2022 (68 *,

BBCH 7)

Date of harvest 29 July 2020 (76 *) 20 September 2022 (72 *) 19 September 2022 (76 *)

Inter-row spacing [cm] 30 37.5 37.5

Intra-row spacing [cm] 10.5 15 8.5 8.6

RGB camera type Sony ILCE-6000 Sony ILCE-6000 Mavic 2 Pro Mavic 2 Pro

Flight height (RGB) [m] 16 20 10 10

RGB ground sampling
distance [cm]

0.16 0.23 0.24 0.24

Time of multispectral image
collection

13 h 12–13 h 27 13 h 20–13 h 27 12 h 25–12 h 35 10 h 49–10 h 54

Cloudiness PC CS PCS PCS

Flight height
(multispectral) [m]

30 30 12 30

Multispectral ground
sampling distance [cm]

2.08 2.08 0.83 2.08

Number of training pixels for
common bean

60,584 15,152 9049 1721

Number of training pixels for
D. stramonium

17,334 1779 3753 195

BBCH 7: development of crop fruit. * in days after planting.
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Figure 1. Locations of all fields in Belgium. For every field, the RGB orthomosaic is shown, as well as

an example of a D. stramonium and common bean plant.

The datasets of Oudenaarde and Merelbeke were collected in 2020, and those of
Meulebeke and Houthulst in 2022. All fields had a sandy-loam soil structure [23]. For the
interpretation of the data, it is important to acknowledge that the growing conditions in
2020 and 2022 were different, with 2020 being a relatively normal year, although May was
very dry, whereas the summer of 2022 was extremely dry in July and August [24–26].

In Merelbeke, common bean was sown on 14 May 2020. Every third row was spaced
further apart (±0.8 m) to facilitate access. In total, nine rows with a length of 35 m and
three rows with a length of 13 m were sown. Datura stramonium was sown in plugs in a
greenhouse, in a pot substrate provided with NPK fertilizer (14:16:18), to prevent contami-
nation of the field with toxic weed seeds. Seedlings were transferred to the field between 29
June and 7 July when at least one true leaf had developed. The seedlings were monitored
and watered when necessary. Datura stramonium was not naturally present in this field,
but a total of 35 D. stramonium plants were planted manually on predetermined locations.
Different scenarios were simulated by selecting specific locations: plants positioned in
the center of two rows, encompassed by crops; plants situated within the crop row; and
D. stramonium plants clustering together. The field was manually harvested.

Datura stramonium was naturally present in all other fields. Positions of the D. stra-
monium plants in Meulebeke and Houthulst were measured with an RTK GNSS device
(S10, Stonex, Paderno Dugnano, Lombardia, Italy). In total, 34 and 90 D. stramonium plants
were present, respectively. In Oudenaarde, D. stramonium was more abundant, and the
location of every single plant could not be measured. Other weed species were virtually
not present in Meulebeke; in Houthulst, S. nigrum (black nightshade) was present in large
numbers. The GNSS device was used to measure the locations of approximately ninety S.
nigrum plants in order to not include these pixels when calculating performance metrics.
In Oudenaarde, the weeds Chenopodium album L. (lamb’s quarters), Solanum tuberosum L.
(potato), Cirsium arvense L. (creeping thistle), and Mercurialis annua L. (annual mercury)
were sporadically present.
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2.2. Data Collection

Multispectral and RGB data were collected on all study sites. Multispectral images
were collected with the MicaSense RedEdge-MX Dual camera system (AgEagle Aerial
Systems Inc., Wichita, KS, USA). The MicaSense Dual camera system is a commercial
multispectral camera with ten bands (Table 2). The RGB camera, used in 2020, was a
Sony ILCE-6000 with a 35 mm lens (Sony Group Corporation, Tokyo, Japan). Cameras
were separately attached to a UAV (M600, Shenzhen DJI Sciences and Technologies Ltd.,
Shenzhen, Guangdong, China). The RGB camera was attached to a gimbal on the drone. In
2022, RGB images were taken with a built-in camera (Mavic 2 Pro, Shenzhen DJI Sciences
and Technologies Ltd., Shenzhen, Guangdong, China). The camera has a 1” CMOS sensor
with 20 MP and 28 mm lens (35 mm equivalent). The areas were mapped with the DJI
Ground Station Pro app. For all cameras, the frontal and sideward overlay was 80%. Flight
heights for all different flights are displayed in Table 1. In 2022, after the Houthulst flight, it
was decided to further decrease the flight height in order to optimize resolution. However,
preliminary results showed poor classification results for the Meulebeke field, and it was
decided to simulate a larger GSD that matched the other fields. Ground control points
(GCPs) were distributed over each study area and measured with a RTK GNSS receiver.
At the northern border of the study area in Oudenaarde, the UAV was flown manually to
minimize the risk of collision with trees, and the RGB camera was triggered manually as
well. The degree of cloudiness during multispectral data collection is provided in Table 1.
To correct the multispectral data for changing ambient light conditions, MicaSense provides
a downwelling light sensor (DLS) and a calibrated reflectance panel. The DLS was attached
on top of the drone. The ISO value, aperture, and shutter speed of the Sony camera were
set manually at 320, f/2.8, and 1/1250 s, respectively. Both the Sony camera and the camera
on the Mavic 2 Pro were triggered by the mission planner app; approximately every second
and every two seconds an image was made, respectively. Sony images were saved in RAW
and JPEG format, and Mavic images in JPEG and DNG format.

2.3. (Pre-)Processing

Irrelevant images were removed (e.g., images taken during take-off and landing). JPEG
images were processed with Agisoft Metashape version 1.8.4 (Agisoft LLC, St. Petersburg,
Russia) using default settings. GCPs were used to georeference RGB and multispectral
(only in 2022) orthomosaics. For the field in Oudenaarde, a better multispectral orthomosaic
was obtained using only camera GNSS measurements (no RTK GNSS). The image was
later georeferenced in QGIS (version 3.24.2) with the help of the RGB orthomosaic. The
same method was used for the orthomosaics of the field in Merelbeke. In 2022, both
multispectral and RGB orthomosaics were georeferenced in Agisoft with the help of the
GCPs. Reflectance of the multispectral images was calculated using the workflow provided
by Agisoft [27]. Orthomosaics containing reflectance values and RGB orthomosaics were
exported to QGIS in TIFF format; the RGB orthomosaic of the field in Oudenaarde was
divided in separate blocks of 1000 × 1000 pixels to reduce file size. RGB orthomosaics were
only used as a visual aid, and no reflectance values were obtained. GSDs of all multispectral
images are displayed in Table 1. All reflectance orthomosaics were exported from QGIS
with identical resolution for further analysis, i.e., 2.08 cm, with the default resampling
method, which is the nearest neighbor [28].

Plant polygons were drawn manually on the reflectance orthomosaics of all fields in
QGIS to select D. stramonium and common bean pixels with the help of the RGB orthomosaic
and saved as a shape file. The numbers of training pixels are provided in Table 1. Another
shape file was created containing a polygon delineating the border of the study area and
was used to clip the orthomosaic (Figure 2c). All files were subsequently exported to Python
(version 3.9.12) for further processing. The packages OpenCV [29] (for raster calculations)
and scikit-learn [30] (for machine learning analyses) were used.
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Figure 2. Schematic overview of all analyses. (a) Multispectral orthomosaic, (b) orthomosaic with excess-green index, (c) polygon delineating study area, (d) binary

orthomosaic with vegetation (white) and soil (black), (e) classified orthomosaic, (f) illustration of the post-processing procedure for two circular polygons with

a four-pixel threshold. Analyses I and II show the southern part of the Oudenaarde dataset. All steps of analysis I were also made for the other three locations.

Analyses III and IV illustrate the classification result for the Houthulst dataset. All steps were also made for the other two (in case of analysis III) or three (in case of

analysis IV) locations.
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Table 2. Characteristics of the RedEdge-MX Dual camera system [31].

Band Number
Band Name

[-]
Center Wavelength

[nm]
Band Width

[nm]

1 Coastal blue 444 28
2 Blue 475 32
3 Green 531 14
4 Green 560 27
5 Red 650 16
6 Red 668 14
7 Red edge 705 10
8 Red edge 717 12
9 Red edge 740 18
10 Near IR 842 57

The excess-green index [32], calculated as ExG = 2 Green4-Red6-Blue2 (subscripts
indicate band numbers of the multispectral camera, Table 2), was used to isolate vegetation
from background (Figure 2b). Otsu’s method [33] was used to create a binary mask from the
excess-green index map (Figure 2d). This mask was combined with the plant polygons to
classify pixels as D. stramonium or common bean. The reflectance data were then extracted
from the classified pixels and were used as input in machine learning models for binary
classification.

In a preliminary phase, logistic regression, random forest, and support vector machine
were tested. Hyperparameters of the random forest and support vector machine models
were tuned using a randomized search of the parameter space. Logistic regression was
performed without regularization and default settings, and either outperformed or per-
formed equally well as other tested models, but with faster execution times. Therefore,
only the results from logistic regression are further included. Logistic regression is a simple
algorithm that is easy to implement and makes fast predictions. It performs well with
smaller datasets, whereas complex models often need a large amount of data to tune their
hyperparameters effectively. Therefore, logistic regression is a suitable choice for this study.

2.4. Post-Processing

The classification maps generated according to the procedure described in Section 2.3
are pixel based (Figure 2e). Given the large number of pixels in the orthomosaic, even a
model with a very high precision (very low number of false positives (FP)) would still
result in a large number of false positive pixels—in this case, of bean pixels wrongfully
classified as D. stramonium. These pixels are however often isolated or in very small groups,
in contrast with pixels of real D. stramonium plants, which are identified as larger clusters
of pixels. Hence, a further processing step was needed to take a decision on which group
of pixels actually represents D. stramonium.

To remove isolated ‘false positive’ pixels, a median filter, replacing the central pixel of
a kernel (of size 3) with the median value, was used to smooth the original classification
map. Then, in order to create a performance measure, pixels classified as D. stramonium
were counted. As there was a misalignment between the reflectance and RGB orthomosaic,
only pixels inside a small circular area were counted. Classification maps were imported
in QGIS, and circular polygons were drawn around D. stramonium and common bean
plants (Figure 2f). For the circles, a diameter of 0.4 m was chosen as it covers most of the
D. stramonium plants and accommodates for the minor misalignments. For the Oudenaarde
field, a random subset of D. stramonium and common bean plants was selected. Circles
were randomly placed over the study area using a randomized QGIS algorithm. Circles
assigned to D. stramonium were moved manually to the closest D. stramonium plant based
on the RGB orthomosaic. Circles for common bean were visually checked to not include
any D. stramonium pixels. Subsequently, pixels classified as D. stramonium were counted
in each circle with the use of the zonal statistics tool. Different threshold values of the
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total number of D. stramonium pixels per circular polygon were defined to categorize a
circle as D. stramonium, and performance metrics were calculated. Metrics used in this
study were recall, which is the fraction of correctly classified D. stramonium plants; true
negative rate (TNR), which is the fraction of correctly classified common bean plants;
precision, the fraction of appointed D. stramonium plants that are truly D. stramonium plants;
and F1-score, the harmonic mean of precision and recall. For the purpose of enabling
comparisons between various outcomes, alternative metrics were computed using varying
pixel threshold values. This way, applying different threshold values can result in diverse
outcomes for a single classification map. Increasing the threshold value consistently leads
to reduced recall and increased TNR. To compare recall values, the threshold value was
adapted until TNRs were equal.

Additionally, the size of the D. stramonium plants in the field were estimated by
drawing their circumference on the RGB orthomosaic. Only pixels from visible plant parts
were included. In Merelbeke and Meulebeke, all D. stramonium plants were measured,
whereas for the fields in Houthulst and Oudenaarde, a subset of 50 D. stramonium plants
was randomly selected.

2.5. Image Analysis

Four analyses were performed in this research to fulfill the objectives:

I. The development and application of logistic regression models utilizing reflectance
data acquired from the same common bean field for assessing the spectral discrimi-
native capacity between common bean and D. stramonium.

II. The discriminative capacity was again investigated for varying simulated ground
sampling distances to examine the influence on classification performance.

III. Examination of the generalization of a model created in analysis I by evaluating
its performance on unseen data from multiple distinct common bean fields. To
address differences between datasets, VI were incorporated in the dataset and/or
CDF-corrected data was used.

IV. Examination of the generalization of leave-one-group-out cross-validation (LOGO
CV) models using multispectral data and VI, as well as the application to CDF-
corrected data to test whether classification performance increases when spectral
data from multiple common bean fields are combined.

Figure 2 provides a schematic overview of these analyses.

2.5.1. Spectral Distinctness of D. stramonium and Common Bean

The key question here is whether both species can be spectrally discriminated. This
was done by training a separate model per site. For the field of Oudenaarde, enough
D. stramonium plants were present to split the area in a training and a validation part.
The study area was divided by a spray track in a northern section, which was used for
training, and a southern section, used for validation. Datura stramonium plants grew very
densely in the northern part, with plants attaining a large-statured growth, making it
well-suited for obtaining pure weed pixels. Training data of D. stramonium were primarily
obtained from regions where the plants grouped together. The dataset was not balanced,
with bean reference data outnumbering D. stramonium data. The imbalance in the dataset
was approached pragmatically: logistic regression models were run with and without a
correction for the mild imbalance. Visual inspection of the classified maps (of the northern
section) showed, however, that the balanced datasets led to an increase in FP, i.e., common
bean pixels classified as D. stramonium. Hence, the imbalance was not corrected in any of
the models. For both D. stramonium and common bean, one hundred circular polygons were
drawn on the northern and on the southern area of the Oudenaarde field (400 polygons
in total).

For the fields of Meulebeke, Merelbeke, and Houthulst, training data were obtained
from D. stramonium plants that were visually distinguishable on the reflectance orthomosaic
and marking areas of pure pixels. This methodology was used as there was no perfect
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overlay between the RGB and reflectance orthomosaic. This resulted in training data from
thirty-two, fourteen, and eleven D. stramonium plants, respectively. For the Houthulst field,
weeds and crops were hard to distinguish. Hence, the amount of training data was low. For
common bean, one hundred polygons were drawn. For D. stramonium, the polygons were
drawn around the GNSS measurements. The best pixel threshold value with the highest
recall value in the training data of Oudenaarde was applied to the other fields. Recall
was selected as the decision-making metric because misclassifying D. stramonium could
result in crop contamination, posing a public health risk. The F1-score was provided for
completeness; however, the score was not used to make decisions.

Ref. [34] explains that, in some data types, values of nearby observations can have
the tendency to be more similar than values of distant observations, and when data are
drawn from this dependence structure (e.g., data that is close in space and/or time), the
independence of evaluation data can be compromised [35], producing overly optimistic
estimates of prediction error. Data from geographically distinct locations can be used to
evaluate a model [34]. As mentioned, models for Meulebeke, Merelbeke, and Houthulst
were generated using the training data specific to each field and subsequently applied to the
corresponding orthomosaic. Consequently, the outcomes represent training scores rather
than validation scores. Throughout the remainder of this study, the term ‘training’ will
denote the model’s application to observed data, ‘validation’ will refer to the application of
the model to unseen data within the same field, and ‘test’ will pertain to unseen data from
a different field. The training scores attained by the individual models can be regarded
as the optimal outcome with this particular dataset and logistic regression as the model
type and can be used as a reference. Test scores, on the other hand, represent an unbiased
estimate of the model behavior in unknown situations.

2.5.2. The Impact of Ground Sampling Distance on Classification Performance

The multispectral image from the field in Oudenaarde was exported from QGIS with
three different ground sampling distances: 2.68 cm, 3.35 cm, and 4.10 cm, simulating flight
heights of 40 m, 50 m, and 60 m, respectively. For a 200 m × 200 m square field, raising the
flight height to the aforementioned heights resulted in 22%, 34%, and 44% reductions in
UAV flight duration according to the mission planner app, respectively. The analyses of
Section 2.5.1 for Oudenaarde were repeated using these adapted multispectral images. For
each GSD, a different pixel density threshold value was obtained from the training data.

2.5.3. Generalization of the Oudenaarde Model

The model of the field in Oudenaarde, created with the largest dataset, was selected
for application to unseen data of the other fields. Firstly, the Oudenaarde model (from
Section 2.5.1) was applied to the uncorrected orthomosaic (R-U) of the test fields. However,
different growth conditions can impact reflectance values. The extremely dry period in
August 2022 in particular could have induced stress in plants during flowering, leading to
alterations in their spectral characteristics. It has been reported that stress during flowering
has a large impact on the growth of bush beans [36]. Subsequently, two distinct approaches
were employed to reduce/remove variation between datasets caused by extraneous effects:
the utilization of VI and CDF-correction.

The data of the three test fields were corrected so their CDFs matched the data from
Oudenaarde. CDFs were created for each band of the multispectral test images using data
classified as vegetation by a binary image (see Section 2.3). A one-dimensional interpolating
spline was created using defaults settings with the Python package SciPy [37]. The inverse
of the CDF of the Oudenaarde data was created similarly. All bands of the test images were
subjected to their respective CDFs and the output was used in the inverse CDF to return
reflectance values, as follows:

ρcorrected = CDF−1
Oudenaarde, i

(

CDFtest f ield, i(ρ)
)
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with ρ being the reflectance of the multispectral test image and i being the band number
(Table 2). The CDF-corrected orthomosaics (R-CDF) were classified using the Oudenaarde
model, and the result was multiplied with the binary vegetation mask.

Additionally, VIs were selected that amplify the vegetation signal while minimizing the
impact of solar irradiance, soil background effects, varying illumination, and atmospheric
conditions (Table 3). These indices were added as additional channels to the orthomosaic.
Training pixels of the Oudenaarde field, including VIs and the original reflectance values,
were included in a new logistic regression model with nineteen features and applied to
each test orthomosaic (VI-U).

Finally, both correction methods were combined: the new logistic regression model
(with VI) was applied to CDF-corrected test orthomosaics (VI-CDF). Subsequently, the
results were subjected to the post-processing procedure described in Section 2.4.

Table 3. Vegetation indices used in leave-one-group-out cross-validation. Subscripts in the formula

indicate band numbers described in Table 2.

Abbreviation Name Formula Reference

NDVI Normalized difference vegetation index NIR10−RED5
NIR10+RED5

[38]

SAVI Soil adjusted vegetation index (NIR10−RED6)*(1+L)
NIR10+RED6+L

[39]

MSAVI Modified soil adjusted vegetation index 2*NIR10+1−
√

(2*NIR10+1)2−8*(NIR10−RED6)

2
[40]

SR Simple ratio NIR10
RED6

[41]

DVI Difference vegetation index NIR10 − RED6 [38]

RDVI Renormalized difference vegetation index
√

NDVI*DVI [42]

VARI
Vegetation atmospherically

resistant index
GREEN4−RED6

GREEN4+RED6−BLUE2
[43]

NDRE Normalized difference red edge index NIR10−REDEDGE7
NIR10+REDEDGE7

[44]

GNDVI Green normalized difference vegetation index NIR10−GREEN3
NIR10+GREEN3

[45]

2.5.4. Generalization by Leave-One-Group-Out Cross-Validation

A logistic regression model was created with nineteen features using reflectance data
and VI from three locations as input. LOGO CV was performed for every field. The created
model was applied to the CDF-corrected multispectral orthomosaic of the omitted test field.
Subsequently, the results were subjected to the post-processing procedure described in
Section 2.4. For the Oudenaarde field, only data from the southern part was included.

3. Results

3.1. Vegetation Analysis

The mean plant size of the D. stramonium plants in the field of Meulebeke (var. tatula)
was 0.068 m2 (σ = 0.039). They had the largest mean plant size of all fields. All D. stramonium
plants had leaves extending above the crop canopy. The field almost achieved full canopy
closure. The D. stramonium plants from the field in Oudenaarde had the second largest
mean plant size (µ = 0.038 m2, σ = 0.020). The canopy consisted of healthy vegetation
and was fully closed except for some spots at the edges of the canopy. In Merelbeke, the
plant size was more variable (µ = 0.035 m2, σ = 0.051) due to the different planting dates.
Seedlings planted later in the season were often at least partly overgrown by common
bean. Seven D. stramonium plants were not visible on nadir looking RGB imagery and were
omitted in further analyses. Due to the wider inter-row spacing, the vegetation did not
achieve full closure, leaving a significant amount of bare soil exposed. The weeds in the
Houthulst field were substantially smaller (µ = 0.018 m2, σ = 0.012). The common bean
plants were stunted, leaving bare soil exposed between and in the rows.

Within all combinations of bands and locations, D. stramonium had a higher median
reflectance than common bean (Figure 3). Reflectance values of both species were very
low for the field of Merelbeke. After CDF matching, median reflectance values exhibited
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a narrower range. Especially for common bean, CDF matching was able to align median
reflectance values for the different locations. Median reflectance values of D. stramonium
for the field in Houthulst were substantially higher than at other locations, which was not
the case for common bean. For the Meulebeke field, median reflectance of D. stramonium,
i.e., from var. tatula, was slightly higher for bands 9 and 10 after CDF matching.

ff
tt

ff

Figure 3. Box plots with the reflectance of common bean and D. stramonium at different locations

before (top) and after (bottom) CDF matching.

3.2. Spectral Distinctness of D. stramonium and Common Bean

The results from analysis I are provided in Table 4. In the Oudenaarde dataset, training
recall exhibited a relatively high value at the single pixel threshold level (0.96) and showed
a gradual decline when the threshold value increased. When a threshold of 1 was used (i.e.,
a polygon is classified as D. stramonium if at least one single pixel inside the polygon is
classified as D. stramonium), 51% of the common bean plants were incorrectly categorized as
D. stramonium plants. Increasing the threshold value resulted in a slight reduction in recall,
but significantly increased the TNR as well as the precision and F1-score. The optimal
threshold was four pixels, since the recall of the training data start to decline at a threshold
value of five pixels. At this threshold value, the precision was 74%.

A threshold of four pixels resulted in a precision of 95% for the validation dataset. FP
were visually inspected on the RGB orthomosaic of the northern part of the Oudenaarde
field to see if other weed species might have been the reason for misclassification. However,
this was not the case.

For the field in Meulebeke, TNR was rather low (0.72). It is noteworthy that the three
smallest D. stramonium plants in the field were not correctly classified. Overall, the incor-
rectly classified D. stramonium plants were smaller in size. The Houthulst field obtained
a very high TNR (0.97), but recall was very low (0.53). A total of 36 of the 42 incorrectly
classified weeds exhibited a smaller than average plant size. For the Merelbeke field, only
10 out of 28 D. stramonium plants were classified correctly. The seven largest D. stramonium
plants were classified correctly.

A threshold value of eleven pixels removed a great deal of FP from the Meulebeke
classification map. This large threshold value indicates that there were numerous small
patches that were incorrectly classified as D. stramonium plants. However, the large majority
of D. stramonium pixels were classified correctly, resulting in a recall of 88%.
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Table 4. Results from analysis I (assessing the spectral discriminative capacity between common

bean and D. stramonium by the development and application of logistic regression models). Recall,

TNR: true negative rate, precision, and F1-score are indicated for different locations and pixel density

threshold values. Threshold is the number of pixels classified as D. stramonium needed to classify a

polygon as a D. stramonium plant.

Location Dataset
Threshold

[Pixels]
Recall TNR Precision F1

Oudenaarde

Training 1 0.96 0.49 0.65 0.78
2 0.96 0.56 0.69 0.80
3 0.96 0.62 0.72 0.82
4 0.96 0.67 0.74 0.84
5 0.95 0.74 0.79 0.86
6 0.94 0.75 0.79 0.86

Validation 4 0.99 0.95 0.95 0.97

Meulebeke

Training 4 0.91 0.72 0.53 0.67
11 0.88 0.93 0.81 0.85
16 0.88 0.96 0.88 0.88

Houthulst Training 4 0.53 0.97 0.94 0.68

Merelbeke
Training 4 0.36 0.92 0.56 0.43

5 0.36 0.94 0.63 0.45

3.3. The Impact of Ground Sampling Distance on Classification Performance

Results from analysis II are provided in Table 5. For a GSD of 2.68 cm, a two-pixel
threshold value worked best, whereas for GSDs of 3.35 cm and 4.10 cm, one pixel was
chosen as the threshold that maximizes recall. The validation recall values were 97%, 94%,
and 85%, respectively, and the validation TNRs were 95%, 96%, and 95%, respectively.
Despite the decrease in recall, TNR remained stable with increasing flight height.

Table 5. Results from analysis II (examining the influence of ground sampling distance on model

performance). Recall, TNR: true negative rate, precision, and F1-score are indicated for different

ground sampling distances and pixel density threshold values.

(Simulated) Flight
Height [m]

Ground Sampling
Distance [cm]

Dataset
Threshold

[Pixels]
Recall TNR Precision F1

30

Training 1 0.96 0.49 0.65 0.78
2 0.96 0.56 0.69 0.80
3 0.96 0.62 0.72 0.82

2.01 4 0.96 0.67 0.74 0.84
5 0.95 0.74 0.79 0.86
6 0.94 0.75 0.79 0.86

Validation 4 0.99 0.95 0.95 0.97

40

Training 1 0.91 0.61 0.70 0.79
2 0.91 0.67 0.73 0.81

2.68 3 0.90 0.78 0.80 0.85
4 0.89 0.83 0.84 0.86

Validation 2 0.97 0.95 0.95 0.96

Training 1 0.85 0.83 0.83 0.84
2 0.83 0.86 0.86 0.84

50 3.35 3 0.78 0.87 0.86 0.82
4 0.75 0.90 0.88 0.81

Validation 1 0.94 0.96 0.96 0.95

60

Training 1 0.78 0.83 0.82 0.80
2 0.73 0.87 0.85 0.78

4.10 3 0.66 0.88 0.85 0.74
4 0.62 0.93 0.90 0.73

Validation 1 0.85 0.95 0.94 0.89
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3.4. Generalization of the Oudenaarde Model

Results from analysis III are provided in Table 6 and Figures 4 and 5b–d. Here, four
different approaches were taken: (i) the approach when the model was constructed with the
reflectance data as input, without any corrections (R-U); (ii) a model constructed applying
reflectance and VI, without corrections (VI-U); (iii) the model, applied to CDF-corrected
orthomosaics (R-CDF); and (iv) the model with reflectance data and VI applied to CDF-
corrected orthomosaics (VI-CDF). For all results, a four-pixel threshold was used as this was
found to be a good threshold value in the training and validation datasets of Oudenaarde
(Section 3.2). In some cases, an alternative result with another threshold value is also shown
for comparison.

Figure 4. (a) RGB orthomosaic of a section of the field in Merelbeke. Classified image of that section

using (b) the uncorrected orthomosaic (R-U), (c) the CDF-corrected orthomosaic (R-CDF), (d) the

CDF-corrected orthomosaic and a model including vegetation indices (VI-CDF), and (e) leave-one-

group-out cross-validation (LOGO CV). Brown (D. stramonium) and white (common bean) circles

used to calculate performance metrics are shown.
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Figure 5. (a) RGB orthomosaic of a section of the field in Houthulst. Classified image of that section

using (b) the uncorrected orthomosaic (R-U), (c) the CDF-corrected orthomosaic (R-CDF), (d) the

CDF-corrected orthomosaic and a model including vegetation indices (VI-CDF), and (e) leave-one-

group-out cross-validation (LOGO CV). Brown (D. stramonium) and white (common bean) circles

used to calculate performance metrics are shown.

Table 6. Test results from analysis III (improving model generalization by incorporating the use

of vegetation indices and applying cumulative distribution function matching). Recall, TNR: true

negative rate, precision, and F1-score are indicated for different locations, methods, and pixel density

threshold values.

Location Method
Threshold

[Pixels]
Recall TNR Precision F1

Meulebeke

R-U 4 1.00 0.00 0.25 0.40
VI-U 4 1.00 0.23 0.31 0.47

R-CDF 4 0.41 0.87 0.52 0.46
10 0.09 0.93 0.30 0.14

VI-CDF 4 0.26 0.93 0.56 0.36

Houthulst

R-U 4 0.06 0.95 0.50 0.10
VI-U 4 0.01 1.00 1.00 0.02

R-CDF 4 0.80 0.76 0.75 0.77
22 0.38 0.97 0.92 0.54

VI-CDF 4 0.80 0.81 0.79 0.80
14 0.52 0.97 0.94 0.67

Merelbeke

R-U 4 1.00 0.00 0.22 0.36
VI-U 4 0.00 1.00 - 0.00

R-CDF 4 0.54 0.66 0.31 0.39
27 0.11 0.92 0.27 0.15

VI-CDF 4 0.54 0.69 0.33 0.41
12 0.21 0.92 0.43 0.29

R-U: Application of the Oudenaarde model with reflectance data applied to the uncorrected orthomosaic. VI-U:
Application of the Oudenaarde model with reflectance data and vegetation indices applied to the uncorrected
orthomosaic. R-CDF: Application of the Oudenaarde model with reflectance data applied to the CDF-corrected
orthomosaic. VI-CDF: Application of the Oudenaarde model with reflectance data and vegetation indices applied
to the CDF-corrected orthomosaic.
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The R-U approach resulted in poor classification. In Merelbeke, the whole field was
classified as D. stramonium (Figure 4b). Similarly for the field in Meulebeke (classification
maps not shown), more than half of the field was classified as D. stramonium, with shaded
crop pixels all being classified as D. stramonium. This resulted in a TNR of zero. For
the field in Houthulst, recall was very poor (0.06) (Figure 5b). The inclusion of VI in the
model (VI-U) did not yield a substantial improvement in classification performance. CDF
matching, on the other hand, improved precision for the fields of Meulebeke and Merelbeke,
and it improved recall for Houthulst. By applying CDF matching, the classification map
of Merelbeke clearly shows the circumference of various leaves of D. stramonium plants
(Figure 4c). However, there are a lot of false positive pixels at the north-eastern border
of the canopy. The combination of VI and CDF matching (VI-CDF) slightly improved
TNR and precision for all the test fields relative to the former method (Figures 4d and 5d).
Recall decreased for the Meulebeke field and was unaffected for the fields of Houthulst
and Merelbeke.

Across all fields, the best results for analysis III were achieved by VI-CDF. In Meule-
beke, this resulted in a recall of 26% (TNR adapted to match results of analysis I). Five of
the (nine) correctly classified D. stramonium plants had a higher-than-average plant size.
In Houthulst, recall was 52%, with the majority of the correctly classified D. stramonium
plants having a larger than average plant size. In Merelbeke, recall was 21%, and the three
largest weeds were correctly classified. However, four D. stramonium plants with a larger
than average plant size were not correctly classified.

3.5. Generalization by Leave-One-Group-Out Cross-Validation

Table 7 shows the results for the LOGO CV, using VI and reflectance data as input data.
Test results for the field in Oudenaarde, employing a five-pixel threshold, were identical
to the validation results. In the case of Meulebeke, all performance metrics improved in
comparison to the best method of analysis III. With a TNR of 96% and a recall of 44%, ten
out of thirteen D. stramonium plants with a larger than average plant size were correctly
classified. In the case of Houthulst, recall decreased slightly in comparison to VI-CDF
(0.49 vs. 0.52, with TNR = 0.97). Of the 21 D. stramonium plants with a larger than average
plant size, 19 were correctly classified. For the Merelbeke field, no threshold value could
be obtained to match the TNR from analysis III. However, at a four-pixel threshold value,
TNR was almost identical (0.69 vs. 0.70). With this threshold value, recall increased. Again,
of the eight D. stramonium plants with a larger than average plant size, six were correctly
classified. Overall, LOGO CV with inclusion of VI and application to a CDF-corrected
orthomosaic proved to be the best method.

Table 7. Test results from analysis IV (improving model generalization by combining spectral

data and vegetation indices from multiple agricultural fields with the use of leave-one-group-out

cross-validation). Recall, TNR: true negative rate, precision, and F1-score are indicated for differ-

ent locations.

Location
Threshold

[Pixels]
Recall TNR Precision F1

Oudenaarde
4 0.99 0.92 0.93 0.96
5 0.99 0.95 0.95 0.97

Meulebeke 4 0.44 0.96 0.79 0.57

Houthulst
4 0.76 0.82 0.79 0.77
11 0.49 0.97 0.94 0.64

Merelbeke
4 0.61 0.70 0.36 0.45
16 0.21 0.94 0.50 0.30

For the field of Merelbeke, to compare results from LOGO CV and the training scores,
a TNR of 94% was also calculated. For the fields of Oudenaarde, Meulebeke, Houthulst,
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and Merelbeke, relative weed detection rates of 100% (99/99), 50% (15/30), 92% (44/48),
and 60% (6/10) were obtained, respectively (calculated as the ratio of the number of
D. stramonium plants detected with LOGO CV and during validation (for Oudenaarde) or
training (for the test fields), each with a threshold value so TNR is equal for both methods).

Regression coefficients from LOGO CV are provided in Figure 6. Although the most
important features were the same for each field, their absolute values differed. The most
important VI in the models were RDVI and MSAVI. The coefficients of bands 1 (Coastal
blue) and 7 (Red edge) were the most important.
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Figure 6. Regression coefficients of all features from the models created with LOGO CV. The graph’s

title indicates the field that was omitted in the model and to which the model was applied.

4. Discussion

The first objective of this study was to assess the spectral discriminative capacity
between common bean and D. stramonium by the development and application of a logistic
regression model for each individual common bean field. The scores from analysis I (Table 4)
confirm that D. stramonium and common bean are multispectrally separable, y-awith
D. stramonium having a higher spectral reflectance across all bands (Figure 3). To distinguish
false positive pixels from D. stramonium, a size-dependent threshold was used, assuming
larger groups of classified D. stramonium pixels are more likely truly D. stramonium plants.
As the industry applies a zero-tolerance policy and the study pertains to public health, the
recall was given priority over the TNR, and a four-pixel threshold was found optimal for
the field in Oudenaarde. Specifically, if it results in fewer missed D. stramonium plants, it is
favorable to categorize more common bean plants as D. stramonium. However, TNR and
precision are still important. If there are two million crop plants in a field, a TNR of 67%
would require 660,000 unnecessary checks, rendering the obtained result no more effective
than scanning the entire field. Likewise, a precision of 74% means a fourth of the labor time
will be dedicated to unproductive fieldwork. However, pixels of correctly classified solitary
D. stramonium plants in the Oudenaarde field often displayed a distinct grouping pattern,
attributed to the architectural features of D. stramonium. This was also the case in the test
field of Merelbeke, which can be observed in Figure 4c–e. However, this pattern can only
be observed when D. stramonium plants are large enough and leaves extend above the crop
canopy, which was not the case in Houthulst (Figure 5). In addition, visual inspection of
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the classified image of Oudenaarde shows that incorrectly classified crop pixels tend to
cluster around the field’s edges where plant coverage is not 100%. Consequently, human
interpretation of the classification map is still necessary. However, since the removal of the
D. stramonium plants is still performed manually, this should not pose a problem in fields
with uniform plant distribution.

A possible explanation for the higher validation scores (than training scores) in Oude-
naarde (Table 4) is the manual flight of the UAV over the northern section of the field,
which resulted in a greater number of images and an increased image overlay. During
this flight, the weather was mostly cloudy, which could have caused significant variations
in incoming radiation. In [46], surface reflectance under overcast conditions was more
accurately calculated without DLS corrections as the sensor is sensitive to the orientation
of the sun. Inadequate calculation of the surface reflectance could have led to differences
in reflection between the selected training pixels and the rest of the northern part of the
field. As the training pixels only represent a small portion of the entire northern region,
this discrepancy could have contributed to the lower scores observed in the training set.
It should be noted that performance metrics in Oudenaarde might be overestimated as
the positions of the D. stramonium plants in Oudenaarde were not measured with a GNSS
device and, hence, small, overgrown weeds might have been overlooked.

The lower scores in Merelbeke and Houthulst were due to the fact that D. stramonium
plants were small and partially overgrown by beans. However, detecting these plants
as well is important, since the industry still fears small weeds, as the coil springs of the
harvester, responsible for pulling off the green pods and leaves, work at a height of 3–5 cm
above the ground and time between flowering and fruiting of these small D. stramonium
plants can be less than a week [47]. Smaller plants first of all resulted in fewer pure pixels:
while selecting D. stramonium pixels, only a limited number of pixels could unmistakably
be selected. This also explains the high reflectance values of the Houthulst field (Figure 3).
The analyses also confirmed that larger plants, with several pure pixels clustered together,
were consistently better detected. Second, in the visual region, it is not possible to see
through the canopy, so it is unrealistic to expect that overgrown plants can be detected.
Reference [48] conducted research on subcanopy species detection and discovered that the
detection rate decreased quickly as the canopy openness decreased, and no species were
detected when the canopy was nearly fully closed (<10%). Their study reports increased
detection rates when using oblique imagery. This could potentially be useful for identifying
smaller, partially hidden weed plants. An alternative approach is to schedule flights earlier
in the season compared to the current industry standard of conducting visual scouting
a few days before harvest. Common bean plants would be smaller and D. stramonium
plants less overgrown. Nonetheless, accurately monitoring these small weeds would mean
flying at lower heights, thereby substantially increasing the time required for field scanning.
Consequently, a trade-off has to be made by the industry.

So, although D. stramonium and common bean proved to be multispectrally distin-
guishable using UAV images, small, partly overgrown weeds were overlooked, and the
authors suggest to either use oblique imagery or fly early in the growing season. The last
approach, however, increases flight duration.

The second objective of this study was examining the influence of ground sampling
distance (GSD) on model performance. An increase in flight height to 40 m (2.68 cm GSD)
could be considered for this application. Depending on the available time, the threshold can
be reduced to one pixel, which may result in an increase in FP. However, according to [49],
resampling should be conducted using a weighted average based on the point spread
function of the sensor. The point spread function of an optical system is the irradiance
distribution that results from a single point source (Goodman, 2005). However, the point
spread function of the MicaSense sensor is not available, and the calculation is not within
the scope of this study. Simulated imagery might be unrealistically sharp and the obtained
results optimistic. Hence, obtaining imagery with a GSD of 2.08 cm or smaller for D.
stramonium plants of similar size than measured in Oudenaarde (µ = 0.038 m2, σ = 0.020)
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might be suggested. On the other hand, UAVs and sensors are continuously being improved
with larger spatial resolutions. In the coming years, these cameras could potentially reduce
flight duration while simultaneously increasing its resolution. The current strategy’s
drawback is the use of a single threshold value for an entire field as this threshold value
should depend on the size of the D. stramonium plants. A plant-size-dependent flight height
might be appropriate; only decreasing flight height for fields infested with small weeds.
Flight height can also be decreased in areas with irregular germination of common bean or
at field borders. A larger GSD increases the number of D. stramonium pixels of each plant
on the multispectral orthomosaic, and this could increase the number of correctly classified
D. stramonium pixels. As correctly classified D. stramonium pixels often manifest as different
contiguous patches and misclassified common bean pixels as smaller solitary patches, an
object-based detection method, to account for the plant’s architecture, could be applied
after classification. The fusion of object-based and pixel-based methods indeed yielded
promising results in the detection of bindweeds (Convolvulus), C. album, and Digitaria
sanguinalis (crabgrass) in maize [50].

The third and fourth objectives of this study aimed at detecting D. stramonium plants in
a location without using training data from that specific location. Variations in reflectance
between different fields can be caused by soil reflectance, which are enhanced for discon-
tinuous canopies [51]. Furthermore, differences in reflectance observed between datasets
captured on different days and at varying flight heights may be attributed to variations
in both illumination and atmospheric conditions. Adding to this complexity, variations
in reflectance measurements may be attributed to both biotic and abiotic stressors. For
instance, ref. [52] observed increases in reflectance and a reduction in absorption within
the 695–725 nm wavelength range due to stress-induced factors. The most important VI
for discriminating between D. stramonium and common bean in the LOGO CV models
were RDVI and MSAVI. Considering the varying soil moisture levels and canopy densities
in different fields, it is reasonable to expect that a vegetation index less sensitive to these
factors would emerge as the predominant choice.

Bands 1 (Coastal blue) and 7 (Red edge) contributed the most to the LOGO CV model
(Figure 6). The red edge region of the electromagnetic spectrum has been found to be of
great importance for species discrimination in various vegetation studies [53]. Refs. [54,55]
found that the red-edge spectral band (691–785 nm) is among the most important bands for
distinguishing tree species. In addition, ref. [56] has highlighted the importance of the red
edge position (715 nm) in discriminating between an invasive weed and four co-occurring
plant species. Ref. [57] used a random forest classifier to discriminate between Cyperus
esculentus L. (yellow nutsedge) and two co-occurring weed species; feature importance of
bands around the red edge was significantly higher than for other wavelengths. On the
other hand, blue wavelengths have also been labeled important for species discrimination.
Ref. [58] found that wavelengths in the blue region of the spectrum (405, 410, and 430 nm)
are frequently selected for discrimination models. Ref. [59] discriminated between sugar
beet and weeds, and maize and weeds, finding that the selected wavelength ratios were
often in the visible wavelength range and around 800 nm.

Incorporating data from diverse fields improved classification results for Meulebeke
and Merelbeke with comparison to VI-CDF. Only for the Houthulst field was VI-CDF
slightly better. In comparison with the training scores, LOGO CV performed really well for
the Oudenaarde (1.00) and Houthulst (0.92) fields regarding the relative weed detection rate.
However, for the field in Meulebeke, this was substantially poorer, with a relative weed
detection rate of only 50%. One of the possible reasons is that the D. stramonium plants in this
field belonged to a different variety (Table 1). Ref. [7] showed that hyperspectral reflectance
of the two D. stramonium varieties (Datura stramonium var. tatula & var. stramonium) and
common bean differed sufficiently to be classified accordingly. In addition, preliminary
results showed both D. stramonium varieties also differ sufficiently from each other to be
classified accordingly [60]. Datura stramonium var. tatula was indeed not included in the
training set. Other data with this botanical variety should be included in the model to
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improve results. In addition, the relative weed detection rate of the Merelbeke field was
rather poor (0.60). However, the total number of D. stramonium plants was rather low, and a
slight difference in the detected D. stramonium plants generates a large difference in relative
weed detection rate.

While the fields of Oudenaarde and Houthulst were accurately classified using data
from other fields, this was not the case for Meulebeke and Merelbeke. These diverse
outcomes highlight the importance of conducting tests in diverse fields and under varying
conditions. In literature, most UAV-based weed detection studies randomly select subsets
of the dataset to train, validate, and test a model [61–72]. Some authors divided the field
in different sections [73–76] or used two neighboring fields [77]. No study could be found
that applies a model to an independent test set, where this dataset is clearly separated in
space and/or time from the training dataset.

The third and fourth objectives of this study show that it is possible to detect D. stra-
monium in common bean fields with a model that was not trained with data from that field.
However, adequate measures need to be taken to adjust the training data to remove or
reduce variation between datasets caused by extraneous effects. Small D. stramonium plants
were still overlooked. As mentioned, machine learning models perform well in situations
of interpolation. When extrapolation occurs, this is when the distribution of reflectance
values, measured in another location and/or at another time, differ from the distribution
of the training data, and major model performance reductions can occur [78]. Here, this
problem was addressed by the use of VI and CDF matching. However, this methodology
failed in the Meulebeke field, where var. tatula was present. It is important to consider the
similarity of the measurements to the training data when classifying a new location, and
results should be interpreted with caution when extrapolating. To determine the similarity
to the existing training data, out-of-distribution detection can be performed [12].

While this study aimed to achieve the above-mentioned objectives, some aspects
of the design may have influenced the results and should be considered. The lack of
knowledge about the presence of small D. stramonium plants in the field of Oudenaarde
might have exaggerated the results of that field. As the results from other fields showed
small D. stramonium plants to be problematic, chances are small and (partially) hidden
weeds were ignored, overestimating recall. However, obtaining GNSS measurements
of all D. stramonium plants in such a dense and large field is very time consuming. In
addition, because of the misalignment between reflectance and RGB orthomosaic, it was
difficult to obtain training data of D. stramonium, especially for small plants. On the one
hand, small plants consist of fewer pixels than large plants, making them more difficult to
classify correctly. On the other hand, the limited amount of training data of these small
D. stramonium weeds may cause the model to be less sensitive for these weeds, as it has not
been adequately trained to recognize them. A great deal of multispectral data of smaller
D. stramonium plants should be collected to test this hypothesis.

As explained, single false positive pixels might be unavoidable in higher-resolution
datasets, due to soil reflection, edge effects, or BRDF issues, so a threshold value of a number
of positive pixels within an area must be used, maximizing recall and precision simultane-
ously. In this study, we were not able to obtain a generally applicable threshold value. The
classification maps of the fields of Houthulst and Merelbeke (Figures 4e and 5e) show some
FP consisting of a few pixels. To reduce the FP created by this noise, a higher threshold
value can be used. However, this results in misclassifying small D. stramonium plants as
common bean. Human interpretation of the classification map could be adequate, since
the maps do show clear clusters of pixels—even leaf shapes—that could be attributable to
D. stramonium. In this respect, deep learning could also be interesting. Deep convolutional
networks have been shown to acquire high accuracy rates in weed–crop classification
studies [79–82] and outperform traditional machine learning techniques [83,84].

As mentioned in the introduction, it is worth noting that agricultural fields may host
various toxic weed species. The primary focus of this study has been the precise detection of
D. stramonium. Nonetheless, the ultimate aim is to create a model capable of discriminating
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between all prevailing toxic weeds species on the one hand and crop plants on the other
hand. However, the feasibility of developing such a model relies on the availability of
extensive training data of these toxic weeds. When such training data become available, a
model capable of classifying all relevant toxic weed species in (Belgian) vegetable crops
should be pursued.

5. Conclusions

Common bean and Datura stramonium are multispectrally separable using the ten-band
multispectral camera from MicaSense and logistic regression. For the largest dataset, in
Oudenaarde, the model obtained a validation recall of 99% and TNR of 95%. To apply this
model to other fields and address differences between datasets, vegetation indices were
incorporated in the dataset and/or data corrected by matching the cumulative distribution
functions (CDF) were used. Classification maps of CDF-corrected multispectral ortho-
mosaics improved in comparison with the uncorrected orthomosaics. Best results were
obtained with a model that was trained using data of all but one location with a leave-one-
group-out cross-validation and applied to the CDF-corrected orthomosaic of the omitted
field. However, small D. stramonium plants were systematically overlooked and classified
as common bean. Further research is needed to determine whether a model created from
lower-altitude UAV data (<30 m) or oblique imagery is able to detect these small plants. The
model, which was trained using Datura stramonium var. stramonium, was not able to detect
D. stramonium plants belonging to var. tatula. A drawback of the methodology is the use
of one threshold value. A flight height depending on the plant size and degree of canopy
closure could solve this problem. Alternatively, human interpretation of the classification
map can, in some cases, suffice. Other methods (e.g., deep convolutional networks) can
also be explored. The current detection strategy adopted by the industry is capable of
detecting large D. stramonium plants located at the field’s edges and narrow zones adjacent
to the field’s diagonals. The best classification strategy used in this paper was able to detect
large D. stramonium plants, regardless of their location in the field. Although small weed
plants remain a problem, the use of this method means an improvement in the detection
accuracy over the present approach of visual scouting. The industry has to trade off the
time required to scan the field and the resolution, which determines the accuracy. The study
also illustrates the importance of an independent test set. The field in Oudenaarde yielded
encouraging outcomes for employing a logistic regression model with UAV data from a
ten-band multispectral camera. However, application to other fields revealed challenges.
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