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Abstract
The intensification of agriculture, driven by large-scale monocultures and high mechanisation, has led
to a substantial loss of biodiversity in the agroecosystem. Biodiversity provides a wide range of
ecosystem services, being a key component of the farming system. Technology together with ecological
intensification strategies has the potential to preserve biodiversity in the fields. Weed management fits
in this context, as weed detection algorithms have shown a great potential to be applied in the
agricultural sector to reduce the amount of chemical herbicide used in the field. However, concerns
regarding the widespread use of herbicides are rising, especially considering the possible positive
contribution of weed plants to the functioning of the ecosystem. In this research, the algorithm YOLOv3
is used as an object detector for multiple plant species, it was trained and tested on a complex dataset
in the Netherlands, where sugarbeet was the main crop and was not treated with herbicides. The study
aims to assess the amount of diversity in the field, to evaluate the performances of the algorithm over
time, to investigate the effect of plant growth, plant distribution and other environmental challenges on
the performances, and to explore the implementation of the algorithm in strip and pixel cropping
practices. 19 plant species were found beside the main crop, S. media and C. album were the most
abundant. The average performances score ranged between 0 to 92% over time depending on the
species. This metric was on average 25%. The performances were significantly influenced by the
number of annotations for training, whereas the most present and annotated species are also the bestperforming ones. The algorithm showed great potential to deal with complex situations, but it achieves
the best performances when fewer species were present in the images, underlying the importance of
being carefully trained to score good results on multiple species detection and provide a valuable tool
for biodiversity preservation.
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1. Introduction
In the developed world, current agriculture is mainly characterised by large-scale monocultures
maintained by a high degree of mechanisation. Over the years, agricultural intensification has led to a
significant decrease in the agroecosystem biodiversity, resulting in a homogenization of agricultural
ecosystems at larger scales (Emmerson et al., 2016). This intensification is not only damaging the key
components of the field but also of the agricultural landscape, with severe loss of wild plant species,
micro and macrofauna. Agri-technology and precision farming with a field data-intense approach has
the potential to minimise the environmental and ecological impact of many detrimental agricultural
practices. In this context, the implementation of artificial intelligence in agriculture is promising to offer
decisional support to farmers in a wide range of situations (Liakos et al., 2018).
One implementation of artificial intelligence in agriculture is weed detection, consisting of a
combination of machine learning and machine vision (Teimouri et al., 2018), which aims to detect the
unwanted plans that are considered detrimental for the main crop. Site-specific Weed Management
(SSWM) is the strategy of varying the weed management at field scale to match the variation in weed
distribution and density. It is performed to improve the efficiency of herbicide use on selected weeds
(Wiles, 2009; Somerville et al., 2020). SSWM shows high potential to improve weed control's
environmental sustainability based on a more precise and resource-efficient approach (LópezGranados, 2011). In this case, weeds are considered detrimental for the crop and represent the major
responsible for yield loss and chemical or mechanical control is performed.
On the other hand, especially in the research field, a shift from weed control to weed management
is happening, realising that not all the weed flora within the crop field is necessarily detrimental for the
crop. In fact, it can also have a positive impact on the agroecosystem (Marshall et al., 2003; Storkey and
Westbury, 2007; Froud-Williams, 2017). The intensive use of external inputs, in particular the use of
herbicides and pesticides, have been identified as the main driver of the biodiversity loss we observed
in the last decades (Albrecht et al., 2016; Wietzke et al., 2020). The introduction of specific agrienvironmental schemes and practices can be a solution to increase the biodiversity value in the field,
preserve endangered species which often seek refuge in the field or provide many ecosystem services
such as pest control, increased pollination, increased resilience of the system and less dependency form
the external inputs (Froud-Williams, 2017; Isbell et al., 2017a).
In this context, weed detection algorithms come in handy to combine weed management and
ecological intensification strategies, where an accurate weed detection system can become a helpful
decision-making tool to establish whether a weed plant must be removed or it can be left in the field.
Currently, the widespread adoption of deep-learning algorithms has considerably increased the
performances of weed detection, where the algorithm learns how to identify and classify weeds directly
from the camera images (Milioto, Lottes and Stachniss, 2017; Skovsen et al., 2017; Lottes et al., 2018;
Osorio et al., 2020). In particular, convolutional neural networks (CNN) are setting a new trend for
classification and identification of image-based patterns due to their ability to extract efficient features
for image classification, allowing for a high level of accuracy and fast object detection process after being
accurately trained (Teimouri et al., 2018; Osorio et al., 2020; Ruigrok et al., 2020).
However, due to the complexity of the agro-ecosystem, the weed detection process has to face some
obstacles such as plant overlap, plant size at later growing stages, detection at an early growth stage and
uneven weed distribution (Skovsen et al., 2017; Teimouri et al., 2018; Osorio et al., 2020; Pätzold et al.,
2020), which are known to be distributed in random patches for environmental (e.g. soil properties) or
human-induced factors (e.g. agricultural practices), rather than homogeneously distributed throughout
the field (Pätzold et al., 2020; Somerville et al., 2020; Wietzke et al., 2020).
Another obstacle that until now has limited the widespread diffusion of multiple weed species
detection algorithms is linked with the training process. Since manually identifying plants for training
the algorithm is a laborious process and because in SSWM, there is usually no need to know the species,
weeds are often classified in one main category, distinct from the crop. Using CNNs for recognising
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multiple weed species is very promising, thanks to the ability to build a hierarchy of self-learned
features, which make deep convolutional networks less affected by natural variations in the dataset such
as changes in illumination, shadows, skewed leaves and occluded plants, overcoming the need to design
new feature descriptors every time detection is performed (Dyrmann, Karstoft and Midtiby, 2016).
For an accurate specific weed detection, image resolution and quality are key factors to consider,
primarily when the identification is performed at the early growth stage, where crops and weeds can be
difficult to distinguish (Sa et al., 2018). In this perspective, unmanned autonomous vehicles (UAV) and
remote sensing techniques can be useful for a map-based weed control approach but they have low
spatial resolution and are not suitable for multiple plant species detection. Therefore, ground vehicles
are needed for providing high-quality and high-resolution spatiotemporal datasets (Sa et al., 2018;
Wang, Zhang and Wei, 2019).
Since relevant literature on the implementation of weed detection algorithms in these systems such
as strip cropping and pixel cropping is lacking, it is difficult to set the algorithm performance
requirements. A brief of requirements mostly depends on the practical needs of the stakeholder. For
instance, in a conventional implementation of a weed detection algorithm (e.g., SSWM), the evaluation
of performances is the result of the analysis at the image level and the spray application level. In this
case, it would be possible to set an economic threshold below which the combination of the weed
detection process and the application is not successful and economically feasible.
In this research, the final objective does not consider any result at the application level, which is not
performed. Instead, we aim to correctly detect and classify the highest number of weed plants in the
field, to provide an efficient tool for the stakeholder who wants to implement the detection algorithm
for ecological purposes. In theory, we aim for 100% precision and recall.
However, the performance is also significantly influenced by the characteristics and dimensions of
the training dataset, whereas the species that occur with higher frequency will be detected more
accurately than species that are less present in the field. Furthermore, we must consider the possible
errors in the detection process due to a variety of factors (human and/or machine induced). Multiple
weeds detection with CNNs was successfully done with a precision and recall higher than 90% (Olsen
et al., 2019a; Wang, Zhang and Wei, 2019). This is believed to be a reasonable requirement for
implementing detection algorithms in more diversified cropping systems. Therefore, in this research,
we aim for precision and recall higher than 90%.
All the obstacles linked to the complexity of the ecosystem are expected to negatively affect the
performances, and the objective of this research is to evaluate the feasibility of introducing a detection
algorithm for multiple weed species for ecological purposes.
Therefore, in this study, we aim to identify and classify weed flora present in a sugar beet field. Based
on this classification, we will train, test and validate YOLOv3 (Redmon and Farhadi, 2018), a weed
detection algorithm based on CNN, on-field images, to understand how plants distribution and plant
growth affect the performances of the algorithm in order to explore possible implementation in more
diversified cropping systems

2. Research Questions
These research questions will be answered based on the outcomes and experiences of this case study.
Research questions:
1. Which plants populate the weed community in a sugar beet field in which weed control has not
been performed?
2. How well can a weed detection algorithm detect multiple weed species in a field over time?
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3. How do weeds distribution within the sample image, plant size and species richness influence
the detection algorithm performances?
4. Is it useful to implement weed detection algorithms in more diversified cropping systems for
ecological purposes?

3. Materials and Methods

Figure 1. A schematic research framework for the methodology in this study.

3.1 Description of the dataset
The dataset is part of an experiment that took place in the Unifarm experimental sites of the University
of Wageningen, The Netherlands, which started in May 2019. The field is 50 meters long and 25 meters
wide, this results in an area of 1250 m2, the sowing distance of the beets is 19 cm intra-row and 50 cm
interrow. The main crop is sugar beet (Beta vulgaris var. saccharifera) in a rotation with potato (Solanum
tuberosus), a reason why, among other weed species, volunteer potatoes from the previous cycle occur
frequently in the field. Sandy soil is the main soil type in the dataset. Weed control with either chemical
or mechanical practices was not performed and no fertilizer was applied. The sowing date of this field
is May 1st, the sugar beets were planted for the SMARAGD project. The images were collected on different
dates, following the growing cycle of the crop over time. For this research, a subset of the original dataset
including images from only relevant dates was used: May 26th, May 30th, June 3rd, June 6th. These dates
covered the first growing stages in which the identification was possible for almost all the plants in the
images until the stages in which plant overlap made identification impossible. An example of the dataset
can be seen in Figure 2.
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Figure 2. Example of the dataset at the 4 different growing stages (top left: 26 of May; top right: 30 of May;
bottom left: 3 of June; bottom right: 6 of June). For every date, plant identification and annotation are
possible.

3.2 Image acquisition system

The images were collected with a tractor. At the rear of the tractor, an image acquisition system
equipped with an RTK-GPS system was attached (

Figure 3).
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Figure 3. Tractor with the image acquisition system attached behind.
The system consisted of 2 cameras from the brand IDS, the type is GV-5280FA-C-HQ. The camera is
equipped with a RICOH brand lens, type FL-CC0814-5M. The cameras are about 1.5 meters above the
ground. The cameras were used for stereo vision and the field of view of the cameras overlapped for
100%. Only the data from the right camera were used in this study. The speed of the tractor was 0.5m/s
and the cameras were activated every half a second, which resulted in a total image overlap of 70% in
the driving direction. This means that the camera sees every plant up to three times.

3.3 Data annotation

Data annotation was performed with the annotation program LabelImg (Tzutalin D., 2015). To annotate
an image, the plants need to be visually identified and then a rectangular bounding box can be drawn
around the plant.
The information of the bounding boxes was written to a text file in the YOLO format. This format
includes the class of the object, the x and y coordinates of the center of the rectangle and the relative
width and height. When the annotation of an image was done, this resulted in a text file with a separate
line for each plant in this format for each plant: <object class> <x> <y> <width> <height>. During
annotation, every plant species was annotated in a new class. When a species annotation was not
possible, plants were classified into two classes for distinct structural features, monocot and dicot
weeds.
In total, 20 classes were annotated (1 crop and 19 weed species including volunteer potatoes).
Table 1 in the results section gives information about the training dataset, which includes the plant
species identified and the number of annotations per species per day and the relative abundance. The
dataset was randomly split, therefore 80% of it was used for training the algorithm, 20% for testing it.

3.4 Weed detection algorithm
For this research, the YOLOv3 object detection algorithm developed by Redmond (Redmon and
Farhadi, 2018) was used. YOLO (you only look once) is a neural network capable of detecting the
bounding boxes of objects in an image, with good performances of detection of objects and patterns in
a single step (Osorio et al., 2020). This algorithm is almost as accurate as of the state-of-the-art object
detector such as Faster RCNN and RetinaNet, but much faster (Redmon and Farhadi, 2018). The first
version of YOLO was released in 2016 (Redmon et al., 2016). YOLOv3 was used for its significant
improvement due to the implementation of the Darknet-53 architecture (Redmon and Farhadi, 2018).
The fundamental steps of the YOLO detector algorithm for image-based species detection consist
of two phases. In the training phase, the analysis of images that have been identified as species classes
is used to determine the algorithm's parameters to provide discrimination between these trained
classes. In this phase, YOLO receives raw images to extract discriminative features from the images
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useful for the prediction process. In the application phase, the trained algorithm uses the extracted
features to do object detection and classification and is then fed with new non-annotated images to
perform the prediction. In addition to making a class prediction, the detection algorithm predicts the
location and size of the object (the bounding box).

3.5 Detection Performance: IoU, Precision, Recall, Mean Average
Precision

After annotating the images, the algorithm performances were determined through intersection
over union (IoU), precision and recall. To evaluate if the algorithm's prediction was correct, intersection
over union (IoU) between the bounding box predicted by the algorithm and the ground-truth (e.g., handlabeled dataset) bounding boxes were used. IoU is a metric to evaluate the performance of an object
detector algorithm. A visual overview of the IoU can be seen in Figure 4.

Figure 4. Intersection over Union (IoU). Source: towardsdatascience.com
A threshold value was set on the IoU to determine whether an object detection was valid or not. If the
IoU was larger than the threshold of 0.5, the prediction was marked as a true positive (TP). If the IoU
was lower than the threshold, the detection was marked as a false positive (FP).
Furthermore, if a ground-truth bounding box did not have a corresponding network prediction
with an IoU larger than the threshold, it was marked as a false negative (FN). Based on the TP, FP, and FN,
the precision and recall metrics were calculated. The precision is the percentage of network object
detections that are correct. The recall is the percentage of successfully detected ground truth objects
(Ruigrok et al., 2020). Precision and recall are calculated as follows:

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =

𝑅𝑒𝑐𝑎𝑙𝑙 =

𝑇𝑃
𝑇𝑃 + 𝐹𝑃

𝑇𝑃
𝑇𝑃 + 𝐹𝑁

For this report, the detection performance of the object detection algorithm was also measured
with Mean Average Precision (mAP). The general definition of the AP is the area under the precision6

recall curve. The AP (Average Precision) was calculated for each class, the mAP is the AP averaged over
all classes present in the whole dataset. This metric was used to measure the detection performance of
the object detector. The formulas for both AP and mAP are:
1

𝐴𝑃 = ∫ 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛(𝑟𝑒𝑐𝑎𝑙𝑙)𝑑𝑟
0
𝑁

1
𝑚𝐴𝑃 = ∑ 𝐴𝑃𝑖
𝑁
𝑖=1

3.6 Experiments
3.6.1 Species richness and relative abundance

All the plants in the images were identified and annotated for the 4 dates of the dataset. Plant
classification has been performed on a taxonomical level (following the Botanical nomenclature),
meaning that every species has been recorded in a class with a correspondent name and relative
abundance has been assessed. For plants in an early growth stage, in which identification is not possible,
plants have been classified into two more general classes based on their structural features as stated in
3.2. Relative abundance was calculated by dividing the total number of annotations per class by the total
number of all classes over the four dates.
This classification and calculation were useful to answer the first research question on
evaluating species richness in a field of sugarbeet in which weed control was not performed.
Since no field data on plant competition or yield are included in this research, a visual assessment based
on my expertise was performed on how weeds and crop compete among each other to evaluate the
possible influence of plant competition on the detection performances and for ecological understanding
purposes.

3.6.2 Plant species detection performances over time

The performances were evaluated based on the metrics set for this study. Precision, recall and mean
average precision were calculated per species per day and averaged among all the classes per day. All
the metrics were evaluated per class to understand how the performances varied depending on species
and the annotations’ number as well as over time.
Moreover, all the predictions made by the algorithm were visually analysed to understand the
most common issues with the detection process, including a visual assessment of the species that were
most confused by other species by the algorithm. This evaluation of performances was useful to answer
the second research question on how well a weed detection algorithm can detect multiple weed species
in a field over time.

3.6.3 Green cover and plant growth

Plant distribution within the image was evaluated to understand how weeds distribution and
plant cover affect the performances of the detection. This was done with a Python script, calculating
green cover within the image to evaluate a possible correlation between the green cover and the
performances. In the script, every photo of a day is processed as an RGB image. The excessive green
version of the image is calculated for each image using the following formulas:
R
R + G + B
G
g =
R + G + B
r =

7

b =

B
R + G + B

𝐸𝑥𝑐𝑒𝑠𝑠𝑖𝑣𝑒 𝑔𝑟𝑒𝑒𝑛 = 2 ∗ g − r − b
Formulas for excessive green are used as in Guijarro et al. (2015). Of this excessive green
version, a threshold determines which part of the image plant is, these are sugar beet plants and all weed
species. The threshold is determined by hand using a histogram. Finally, it is calculated how many
percent of the image is covered by plants. Images were grouped in 5 ranges (0-5%; 5-25%; 25-50%; 5075%; 75-100%) depending on the percentage of green cover in a single image, following the BraunBlanquet scale for vegetation cover (Wilson, 2011).
Plant size was evaluated to find out a possible correlation between plant growth and
performances over time. Plant size was calculated based on the size of the annotated bounding boxes
per species on the 4 different days. This was done with a Python script. The calculation showed the size
of the bounding box per species in pixels. Plant size was transformed in mm2 (1 pixel = 4 mm2).
These two assessments were useful to answer the third research question on how weed
distribution and plant growth influence the detection performances.

3.6.4 Performances on more diversified cropping systems

The algorithm was also tested on some strip and pixel cropping images from a different dataset
collected in Wageningen in 2019. This test was meant to give an idea of how the algorithm could perform
on a completely different dataset with significantly different conditions and species. A visual assessment
was done to evaluate the performances and the mistakes of the algorithm with this dataset.
This assessment was useful to answer the fourth research question and explore some possible
implementation in the discussion.
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4. Results
4.1 Species richness and relative abundance
Plant species

26-May2019

30-May2019

3-June2019

6-June2019

Total

Relative
abundance
(%)
17.2
1.5
21.3

Sugarbeet
656
461
416
325
1858
Potato
52
32
60
20
164
Chenopodium
909
573
457
362
2301
album
Fallopia
24
5
7
0
36
0.3
convolvulus
Setaria virdis
27
30
25
13
95
0.9
Sonchus
31
37
34
15
117
1.1
Poa annua
29
50
16
14
109
1.0
Stellaria media
2157
1183
860
452
4652
43.1
Monocot
59
124
67
9
259
2.4
Dicot
253
61
50
3
367
3.4
Persicaria
34
30
34
20
118
1.1
maculosa
Amaranthus
202
157
68
33
460
4.3
retroflexus
Echinochloa crus- 2
0
0
0
2
0.0
galli
Polygonum
17
14
0
2
33
0.3
aviculare
Sinapis arvensis
56
41
10
25
132
1.2
Rumex acetosella 46
19
1
0
66
0.6
Matricaria
6
8
2
0
16
0.1
recutita
Ambrosia
0
1
5
1
7
0.1
artemisiifolia
Rumex
0
0
2
2
4
0.0
obtusifolius
Senecio vulgaris
0
4
0
3
7
0.1
All classes
4560
2830
2114
1299
10803
100
Table 1. Species identified, number of annotations per species per day and relative abundance per species.
In yellow the most abundant species.
A total of 10803 annotations divided into 20 plant species classes were made throughout the 4 images
acquisitions dates (Table 1). Some species were annotated a considerable amount of time while some
others only represented a small fraction of the dataset. The relative abundance gives information about
the presence of a single species on the total amount of species observed in the field. A vast majority of
9

these annotations were two weeds Stellaria media (43.1%), Chenopodium album (21.3%) and the main
crop, sugar beet (17.2%). The number of annotations decreased along with the plant growth as well as
the amount of diversity. This trend can be observed for almost all the plant species, with some sporadic
exceptions. The explanation of this trend is linked with the plant growth and the consequent increase in
plant size and plant overlap, whereas a bigger plant canopy makes it more difficult to observe and
identify small plants below the canopy and plant competitions occur. A visual assessment (e.g., Figure
5) showed that C. album (on the left) is the most competitive plant for the main crop, as in many
situations it takes over sugar beet and the other weeds, giving origin to big patches of that species.
S. media, despite being the most abundant one, is not heavily competing with the main crop, often
remaining below its canopy and not representing a problem for the sugar beet plants.

Figure 5. On the left: C. album competing with sugar beet plants in the right part of the image. On the
right: S. media on the top right does not heavily compete with sugar beet plants and remains below the
canopy.

4.2 Plant species detection performances over time
Date

mAP

P

R

26-May

0.25

0.16

0.35

30-May

0.27

0.20

0.36

3-June

0.22

0.17

0.42

6-June

0.27

0.17

0.35

Average

0.25

0.17

0.37

Table 2. The parameters mAP, Precision and Recall for all the classes per day and the average for the full period.

Table 2 shows the overall performances of the plant species detection process done by YOLOv3.
Precision (P) is on average 0.17. This means that from all the detections made by the detection model,
17% corresponds to a ground truth object. Recall (R) is on average 0.37. This means that from all the
ground-truth objects, 37% are correctly classified by the detection model. Therefore, the research
objective of 90% of P and R for all the classes is not met. The mAP ranged between 0 to 92% over time
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considering all the species, including sugar beet. This metric is on average 25%. The performance scores
for each class per day can be found in Appendix A.
When taking a closer look at the performances for individual plant species, the P and R parameters vary
significantly.

Precision (P) performances

1
0,9
0,8
0,7
0,6
0,5
0,4
0,3
0,2
0,1
0
26-May

30-May

3-June

All classes (100%)

C. album (21.3%)

S. media (43.1%)

Sugarbeet (17.2%)

Abundance between 1% and 5%

Abundance below 1%

6-June

Recall (R) performances

1
0,9
0,8
0,7
0,6
0,5
0,4
0,3
0,2
0,1
0
26-May

30-May

3-June

All classes (100%)

C. album (21.3%)

S. media (43.1%)

Sugarbeet (17.2%)

Abundance between 1% till 5%

Abundance below 1%

6-June

Figure 6 shows an example of the performances of P and R for different plant species per day.
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Precision (P) performances

1
0,9
0,8
0,7
0,6
0,5
0,4
0,3
0,2
0,1
0
26-May

30-May

3-June

All classes (100%)

C. album (21.3%)

S. media (43.1%)

Sugarbeet (17.2%)

Abundance between 1% and 5%

Abundance below 1%

6-June

Recall (R) performances

1
0,9
0,8
0,7
0,6
0,5
0,4
0,3
0,2
0,1
0
26-May

30-May

3-June

All classes (100%)

C. album (21.3%)

S. media (43.1%)

Sugarbeet (17.2%)

Abundance between 1% till 5%

Abundance below 1%

6-June

Figure 6. Examples of performances of P and R for 5 different classes on 4 different days. “All classes”
average is shown in blu. The relative abundance per class is shown between brackets.
As shown in Figure 6, despite never reaching the desired objective of 0.90, the performances of P are
positively influenced by the number of annotations (thus, high relative abundance) made for that class:
a high number of annotations is correlated with higher precision. S. media, C. album and sugar beet
perform better than classes with lower relative abundance. Low precision means that many wrong
predictions (false positives) were made by the algorithm. The recall is overall higher than precision,
meaning that fewer false negatives were present in the predictions. In comparison to precision the total
number of annotations per class has a smaller effect on the recall performances.
A relatively low mAP, P, and R scores can be explained in several ways.
First, the algorithm makes a wrong classification of the plant species. This happens when one class is
detected as another class. Examples of wrong predictions are shown in Figure 7.
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Figure 7. Examples of wrong predictions for Stellaria Media. In the top left corner, it is possible to see the
correct predictions. In the other corners, it is possible to observe the mistakes made by the algorithm. The
red arrows point at what should have been the correct classification.
A wrong classification occurs for several factors such as the number of annotations per class, quality of
the training dataset, resolution of the image or plants overlapping. For this study, it is hard to establish
which one of these factors influences the most. However, after a visual assessment, in many cases
algorithm performed very well, with a correct classification and prediction of the bounding box,
especially for the most abundant and annotated plant species.
Another issue that occurs frequently is linked with the wrong size of the predicted bounding
boxes, which, if lower than the threshold, results in a false positive when compared to the ground truth
bounding boxes. This easily happens when very small objects occur in the dataset. For example, the
overall precision performances of the three weeds with the smallest plant size over the 4 days are the
lowest among all the weed classes (P. annua: size = 1380 mm2, mAP = 0.074; Monocot: size = 756 mm2,
mAP = 0.054; Dicot: size = 266 mm2, mAP = 0.022).
Similarly, when multiple small weeds and big weeds are present in the dataset, it is hard for the
algorithm to distinguish them, resulting in multiple bounding boxes for the same plant or wrong
predictions for small and big plants that are overlapping, as we can see in Figure 8.
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Figure 8. Examples of multiple predictions for plants that are overlapping (left) or for a single plant (right).
It is difficult to establish if certain classes are more complicated to predict for the algorithm.
Some classes performed better on certain days and worse on other days. This depends on a variety of
factors. For example, Persicaria maculosa performed well in the first three days and worse in the last
days (26-May: 0.42; 30-May: 0.77; 3-June: 0.44; 6-June: 0.11). In some cases, the algorithm did not detect
anything (false negative), in some others the prediction resulted in a wrong class (false positive). Dicot,
a general class used during the annotation process when the classification was not possible and thus
included different dicot species, resulted to be a challenging class for the algorithm and, as mentioned
above, scored very low scores for all the days, most likely because of the high number of different plant
species included in that class.
To understand which were the most challenging plants species for the algorithm to classify, a
visual assessment of the most common wrong predictions was done for the best performing weed
species, Stellaria media and Chenopodium album (Table 3).
Table 3. The ratio of the most common wrong predictions for the best performing weed species.
F.
convolvulus

P.
annua

S.
arvensis

C.
album

A.
retroflexus

S.
media

Sonchus

Dicot

P.
maculosa

S. media

0/2

7/18

7/14

4/491

13/88

6/27

2/2

0/18

3/14

357/
491

8/88

12/
55
0/55

0/2

C.
album

530/8
73
6/873

10/27

2/2

The table shows the number of times the species in the first row were "confused" by Stellaria media and
Chenopodium album.
Stellaria media is most often predicted instead of Sinapis arvensis, Amaranthus annus and the
Dicot class, while Chenopodium album is most often predicted instead of Fallopia convolvulus, the
Sonchus class and Persicaria maculosa.

4.3 Green cover and plant growth

Green cover was calculated to evaluate a possible correlation between the performances and
plant distribution per sample image. Images were grouped in 5 ranges (0-5%; 5-25%; 25-50%; 50-75%;
75-100%) depending on the percentage of green cover in a single image. Since the dataset did not
include images with 0-5% of green cover, only 4 ranges were relevant for this study. In Figure 9 you can
find examples of how green cover was calculated.
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16.06 %

35.24 %

66.26 %

87.12 %

Figure 9. Different images for which green cover was calculated, one for every range. In the bottom right
corner of every image the percentage of green cover is shown.
As it can be seen in Table 4, the performances vary significantly depending on the green cover, with the
range 75-100% scoring the best results for mAP, precision and recall. Similarly to Table 2, the recall
parameter is overall higher than precision. This confirms the tendency of the algorithm to correctly
classify the ground truth annotations while having low performances when predicting the coordinates
of the correspondent bounding boxes (size and location).
Table 4. The table shows the performances of mAP, precision and recall depending on the percentage of
green cover.
Green cover

mAP

P

R

0-25%

0.282

0.16

0.385

25-50%

0.213

0.17

0.296

50-75%

0.269

0.192

0.457

75-100%

0.449

0.225

0.561
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The table shows that for the algorithm is easier to deal with less complex situations, with low
performances when green cover percentage is lower, thus reflecting a higher number of species in the
image, and high performances when fewer species are present, with those being also the most annotated
and best performing species.
Plant species average size per day was also calculated to evaluate a possible correlation between
the performances and plant growth over time. Plant size increases significantly for sugarbeet (main
crop) but there is very limited growth for the best performing species and all the other weeds (Figure
10). C. album is the weed that increases most evidently over time, but plant size remains much smaller
than the main crop. As we observed in 4.1, C. album is the only widespread weed heavily competing with
the main crop, resulting in a more significant plant size increase over time than other weed species.
Instead, sugarbeet is suppressing all the other weeds, of which plant growth is very limited.

Figure 10. The figure shows grouped boxplots of plant size over time for sugar beet, C. album, S. media and
cumulative plant size for all the remaining weed plants.

4.4 Performances on more diversified cropping systems

Only a visual assessment of the performances on more diversified systems was made. The
reason for this is that the algorithm was trained on a different dataset and the performances are very
low. This dataset is indeed more challenging and complex for the algorithm, presumably due to higher
species richness and more complex lighting conditions and plant overlap situations. An example of the
predictions for two different cropping systems, strip cropping and pixel cropping, can be found in Figure
11.
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Figure 11. Predictions made on different datasets of images. On the left, there are predictions in a pixel
cropping system, on the right, there are predictions in strip cropping system.
As it can be observed, the predictions are often incorrect and incomplete, with many spots of the
image left unpredicted. Furthermore, many predictions are overlapping, with multiple predictions per
single plant, like in the image in the bottom right. Although the performances are not impressive, we can
observe several positive behaviours of the algorithm. Especially in the pixel cropping images, the
algorithm predicted the grass plants with some grass species annotated in the dataset for this study,
meaning that it is making the effort to classify them in some ways, and it does it correctly. In fact, most
of the predictions in the top left image are Setaria virdis and Poa annua, both monocot species. Moreover,
the cabbage plants present both in the pixel than the strip cropping are predicted as sugar beet, which
is a logical mistake if we think about the similarities between the two species in the first growing stages.
In the top right corner, it is possible to observe that Fallopia convolvulus is predicted many times as
Chenopodium Album, confirming the tendency of the algorithm to confound these species, as stated in
4.2.
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5. Discussion
5.1 The influence of species richness on the performances

Species richness influences the performances in different ways. Not only does the number of
annotations for a single species influence the detection performances, but also the number of species
and growing conditions reflects a high diversity of the image samples (both inter-species and intraspecies). Only a few studies tried to classify multiple weed species with an object detector algorithm like
YOLO, because most of the research targets weeds as a unique class distinct by the crop, to perform
mechanical or chemical weeding in precision farming. Madsen et al. (2020) aimed to detect 47 different
common weeds in Denmark and the average precision performances varied between 37% and 77%
depending on the method used for the detection. The most common challenges were linked with
overlapping weeds, early growth stage detection and misclassification of challenging species. The
research of Dyrmann, Karstoft and Midtiby (2016) focused on classifying 22 different weed species and
the precision ranged from 33% up to 98%, with an overall average of 86.2%. For some species the
performances were much lower than others and, similarly to our study, this is believed to be due to low
training samples for those species. Olsen et al. (2019) targeted 8 common Australian weeds and the
performances were excellent, ranging between 95% and 97%. Minor issues with the detection were due
to the diversity of plant samples included in the dataset and the image quality (i.e., clear background, no
plant overlap and leaf occlusion). It is therefore clear that there are some common issues when trying
to classify multiple weed species, and this is also the case for our research. Considering that all these
studies were conducted with a considerably higher number of dataset samples and annotations than the
current study, the low performances in this study confirm the importance of a high-quality dataset and
enough training annotations, especially when using CNNs (Wäldchen et al., 2018; Wesemeyer, Jauer and
Deserno, 2021; Wu et al., 2021).
Manual image annotation is an aspect that needs to be considered when evaluating the
performance of an object detector algorithm. Although the ground truth annotations aim to be as
accurate as possible, they are often prone to human mistakes, leading to some inconsistencies in plant
species predictions (Madsen et al., 2020). For example, a misclassification made in the annotation
process leads to a possible misprediction, especially for those species that were annotated only a few
times, for which the dataset is not big enough to compensate for these problems. This can be a reason
why some species are hardly correctly predicted, influencing the overall performances. Furthermore,
using some broad categories such as dicot and monocot to overcome the challenge of manually
identifying small and undefined weeds could lead to some additional inconsistencies in the prediction
process. In fact, the algorithm in our study tends to replicate the human ability to classify plants and
deal with plant diversity. This often leads to mispredictions with the algorithm being as confused as the
person who made the annotations, where many small weeds were predicted as a different class than
their ground truth annotation (Dyrmann, 2017). This can be another reason why our classification
accuracy lies below the accuracy of the above-mentioned studies.

5.2 Plant growth and -cover over time effects on the classification
performances
What we expect from the research of Blom (2021) is that plant growth, and thus plant size, may
influence the performances over time, but this is not the case for this study, as can be seen in Table 2.
Performances remain constant over time, with low or no influence of plant growth on the performances.
A possible explanation of these results can be related to the natural reduction of plant diversity that
occurs in the later stages. As it can be observed in Table 1, the number of annotations per species
decreases over time, suggesting a less complex agroecosystem in the later days than the previous days.
This can be observed after a visual assessment as well. The most present species take over the minor
species, whereas plant competition occurs or a bigger canopy makes it more challenging to identify
small plants below it. As it can be seen in Figure 10, the canopy of sugarbeet plants contributes in large
part to cover the soil. This situation may compensate for the effects of time and thus plant size, on the
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performances, since the best performing species are still present and are often correctly predicted while
the low performing species are barely or not present in the images. Following this kind of reasoning, it
is also possible to establish an optimal stage to perform the detection. The relatively highest score,
considering thus the amount of species richness, is reached on the 30 of May (mAP = 0.27; Table 2), 1
month after planting, when plants are big enough to be classified but small enough not to overlap. Due
to the very uncommon nature of this study, it is difficult to compare this recommendation with other
studies. This suggestion suits well with the literature on SSWM, where weed detection is preferably
performed at early stages (López-Granados, 2011).
In addition, the evaluation of the performances depending on plant distribution shows the
detection score is higher when more vegetation is present in the image. This appears counterintuitive,
since, similarly to plant size, a negative effect on the performances of big patches of weeds and thus high
plant overlap was expected, but it clearly shows that the algorithm can deal more easily with less
complex situations and, consequently, it needs to be carefully trained to reach high scores in more
complex datasets.
However, it is difficult to point out one single factor that is influencing the performances, being
said that plant overlap and number of annotations per species are also having an impact on the
performances, as the goal for this study was never met. Therefore, more accurate analysis of the
recurrence of the types of error per growing stage needs to be done to assess which factor is affecting
accuracy the most. This is done only partially in this study and remains to be further researched.

5.3 The possible implementation of plant detection algorithm in more
diversified systems

Based on this research, it is difficult to say whether YOLOv3, or a CNN-based algorithm more
generally, is already good enough to be implemented in systems such as strip cropping, intercropping
or pixel cropping to preserve the weed flora diversity. The results are overall promising and significant
improvements can be reached with small adjustments (for instance, increasing the quality and the
quantity of the annotations). However, these agroecological systems raise some challenges directly
linked with higher complexity in the field than monocultures, as mentioned in 4.4. Some aspects such as
increased plant density (crop and weeds), significantly higher species richness and more challenging
shade conditions are generally affecting the prediction performances in this research and other studies.
For example, concerning species richness, we may expect a much higher number of species in the field
(Roschewitz et al., 2005; Romero, Chamorro and Sans, 2008). It is, therefore, much more challenging to
build a dataset that includes so many species which are all performing well when the detection is done.
Furthermore, although convolutional neural networks are generally less affected by the environmental
and lighting conditions of the sample images, very diverse and challenging situations, which
characterize more diverse systems, may represent an obstacle for the detection, with the need to
accurately train the algorithm to succeed in the detection task.
It is interesting to observe that on the market already exist robots advertised as suitable for
more diversified cropping systems. Robot one by Pixelfarmingrobotics (Pixelfarmingrobotics, 2021) is
an agricultural robot that aims to bring deep learning algorithms in pixel farming, especially for weedcrop identification and weed management. The precise mechanical weeders also make it possible to
perform weed management without the need to remove or kill all the weeds in the field, leaving some
room for the plant biodiversity preservation we aim for in this research. Like Robot one, Weeding as-aservice from the start-up Farming Revolution (Farming Revolution, 2019) promises to recognise more
than 65 plant species (including crop and weed plants) with a 99% accuracy, having trained its
algorithm on more than 12 million images in different light and growth conditions (Future Farming,
2020), and therefore perform precise and selective weed removal, making it suitable for organic
agriculture, strip or pixel cropping. However, it’s not easy to find relevant scientific literature on the
field performances of both robots and, thus, their effective implementation in more diversified systems
needs to be further studied.
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Another approach to introducing technology in more diversified systems such as pixel cropping
was tested by Bosma (2020), using FarmbotXL (Farmbot, 2020), a fixed-frame open-source robot that
works at a very small scale (3x6m), capable of different agricultural tasks, included precise weeding.
Besides having many difficulties performing even simple agricultural tasks (Bosma, 2020), Farmbot has
the potential to bring technology at a smaller scale and mechanise agroecology (Ditzler, 2020). Farmbot
relies on machine vision for weeding, although this task is based on location and not on artificial
intelligence, meaning that everything is outside the planting area is marked as a weed. However, Chaaro
and Martínez Antón (2020) were able to implement a CNN algorithm that scored 78.1% average
accuracy on two weed species, when autonomous weed identification was performed. To reach these
results, the camera was substituted and the computational power needed to run the algorithm was
partially delegated to an external CPU.
Concluding, new solutions and innovations to implement technologies such as deep learning in
the weed management of the agroecological systems are currently coming to the market and are being
researched, all of them following the concept of increasing biodiversity in the system, where weeds, or
better non-invasive plants, are not considered necessarily harmful for the crop but they can represent
an added value (Isbell et al., 2017b; Merfield, 2018).

5.4 Limitations and further research
In this paragraph, further possible research and limitations of this study are presented.
YOLO has the potential to be extremely adaptable to complex datasets. Indeed, due to its
characteristic of being less affected than other algorithms to the natural variations of the dataset such
as illuminations and shadows, it would be interesting to test YOLO on external datasets, in order to
widen the number of species that can be detected and increase significantly the number of annotations
per species. One of the limitations of this study was the limited dataset whereas only a few species were
present in large numbers, and consequently the number of annotations for minor species was very low.
Linked to this consideration, the annotation process was the most time-consuming part of the study.
The positive aspect about annotating manually all the images is that in most of the cases the annotations
will be corrected and representative of the species, but as a limitation, the number of the annotation was
low to effectively train the algorithm on all the species. Further research can be done to speed up and
facilitate this process, using external tools for annotations. A tool such as the RoboWeedMaPS online
tool (Aarhus University, 2018), a machine learning assisted annotation tool for bounding box and
species annotation, can be highly beneficial to increase the number of annotations and reduce time
consumption for this process (Dyrmann et al., 2018).
This research did not include a field trial; therefore, it is not possible to evaluate the applicability of
the algorithm in real-time situations. In fact, a multiple weed detection algorithm like this one has the
potential to be implemented by farmers in real-life situations to decide which weeds are harmful to the
main crop and economically detrimental and remove them, while leaving the other less invasive species
for ecological purposes. However, without a field trial, it is impossible to evaluate the feasibility of this
practice, especially considering the ecology of weed populations, whereas less present weeds can take
over - representing a threat to the main crop - if the most detrimental weed is removed.

6. Conclusion
This research provides insights on the possible implementation of an object detector algorithm when
used to detect multiple weed species from a dataset of images for ecological purposes. It gives
information on the weed species found in the field and on the performances of the algorithm when trying
to detect and classify them over time. In general, the results are promising, the algorithm was able to
detect many different weed species in a complex dataset, after being specifically trained on those weeds.
The performances vary significantly depending on the species, being very susceptible to the number of
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the annotated species during the training process, and plant distribution in the field, with plant cover
and plant growth becoming a strong factor when the algorithm tries to make its predictions.
Consequently, the performance goal specified in the introduction (1) was not reached. However, the
results suggested that the algorithm is capable to deal with highly diverse situations in terms of species
richness, plant size and cover and it needs to be more carefully and extensively trained to achieve
acceptable performances, meaning that the use of this technology in more diverse agroecosystems is
not far from being implemented. In addition, providing a wide list of plant species that are present in a
sugarbeet monoculture, this research may represent a starting point for further research on this topic
or weed biodiversity monitoring.
Concluding, innovative solutions need to be implemented in weed management practices for more
sustainable agriculture and these plants need to be seen under a new light, not with the only purpose of
reducing the amount of herbicide in the agricultural field but also to cope with nature in the best possible
way without compromising the agroecosystem. In this context, farmers would also benefit from this
technology, as they can use it as a decision-making tool to decide whether and how to perform weed
management.
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9. Appendices
Appendix A
Date
26 May 2019
26 May 2019
26 May 2019
26 May 2019
26 May 2019
26 May 2019
26 May 2019
26 May 2019
26 May 2019
26 May 2019
26 May 2019
26 May 2019
26 May 2019
26 May 2019
26 May 2019
26 May 2019
26 May 2019
30 May 2019
30 May 2019
30 May 2019
30 May 2019
30 May 2019
30 May 2019
30 May 2019
30 May 2019
30 May 2019
30 May 2019
30 May 2019
30 May 2019
30 May 2019
30 May 2019
30 May 2019
30 May 2019
30 May 2019
3 June 2019
3 June 2019
3 June 2019
3 June 2019

Class
All
Sugarbeet
Potato
Chenopodium album
Fallopia convolvulus
Setaria virdis
Sonchus
Poa annua
Stellaria media
Monocot
Dicot
Persicaria maculosa
Amaranthus
retroflexus
Polygonum aviculare
Sinapis arvensis
Rumex acetosella
Matricaria recutita
All
Sugarbeet
Potato
Chenopodium album
Setaria virdis
Sonchus
Poa annua
Stellaria media
Monocot
Dicot
Persicaria maculosa
Amaranthus
retroflexus
Polygonum aviculare
Sinapis arvensis
Rumex acetosella
Matricaria recutita
Ambrosia
artemisiifolia
All
Sugarbeet
Potato
Chenopodium album
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