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Abstract: Field robots are an important tool when improving the efficiency and decreasing the climatic
impact of food production. Although several commercial field robots are available, the advantages,
limitations, and optimal utilization methods of this technology are still not well understood due
to its novelty. This study aims to evaluate the performance of a commercial field robot for seeding
and weeding tasks. The evaluation was carried out in a 2-hectare sugar beet field. The robot’s
performance was assessed by counting plants and weeds using image processing. The YOLOv8
model was trained to detect sugar beets and weeds. The plant and weed densities were compared on
a robotically weeded area of the field, a chemically weeded control area, and an untreated control
area. The average weed density on the robotically treated area was about two times lower than that
on the untreated area and about three times higher than on the chemically treated area. The testing
robot in the specific testing environment and mode showed intermediate results, weeding a majority
of the weeds between the rows; however, it left the most harmful weeds close to the plants. Software
for robot performance assessment can be used for monitoring robot performance and plant conditions
several times during plant growth according to the weeding frequency.
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1. Introduction

Commercial agricultural robotics [1], and particularly field robots [2], are a relatively
new area in precision agriculture, which still requires research and analysis of such aspects
as sustainable food production, autonomy regulations, business models and economic
feasibility, farmers attitude, etc. [3—-6]. The performance of dedicated tasks is one of the most
significant factors for using a robot. The ROSE challenge [7] was organized particularly to
evaluate the detection and actuation performance of weeding robots using image processing
for the weed detection. Moreover, Bawden et al. [8] described the assessment of a weeding
robot performance on a 0.1 ha field, but without technical details. Wu X. et al. [9] evaluated
the success rates of selectively spraying and mechanically removing weeds manually, while
Jiang et al. [10] used NDVI. Gerhards et al. [11] used manual plant counting to compare a
number of commercial weeding robots, which partially used the exact plant location for
the plant and weed localization. However, we did not find studies including the estimation
of robot performance for weed detection on a field scale.

Field robots could become a regular farm tool partially due to advancements in
image processing for plant detection in real agricultural environments based on the image
processing hardware, machine learning algorithms, and a growing number of available
datasets [12-14]. For food production in fields, methods are being developed mainly for
the detection of weeds [15-17] and main crops, like corn [18], peanuts [19], and others [20].
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A number of models were developed for weed detection in sugar beet fields, where a
number of datasets and different domain adaptation and generalization techniques were
used. Gao et al. [21] used a YOLO-based model and the LincolnBeet dataset [22]. Guo
et al. [23] used a RetinaNet-based model and the SugarBeets2016 dataset [24]. Salazar-
Gomez et al. [22] and Darbyshire et al. [25] tested different models with the SugarBeets2016
and LincolnBeet datasets separately. Milioto et al. [26] used a custom model and the
SugarBeets2016 dataset. Different analyses for the applicability of sugar beet detecting
models were performed by Lottes et al. [27], Bertoglio et al. [28], and Magistri et al. [29].
The developed methods can be used for a field scale assessment of the robot’s performance.

Factors influencing farmers’ decisions to use robots as well as improvements in the
robot’s design made by manufacturers still require additional study and feedback regarding
the real environment. In addition, studies on the influence of the number of weeds on the
yield were not found. In this study, the performance of a commercial field weeding robot
and individual plant and weed growth were analyzed on a field scale. A method for sugar
beet and weed detection was developed and published together with a new large dataset
used for training. The method for the accuracy analysis was transformed to a robot-based
field monitoring tool that is available for farmers and researchers.

2. Materials and Methods
2.1. Field and Crop

The experiments were conducted in 2023 on a research sugar beet field (Sokeriju-
urikkaan Tutkimuslaitos, Hevonpéd, Finland, Figure 1) with a clay soil type, which had
been plowed, cultivated, and fertilized by a separate drilling machine before sowing. The
sugar beet was sowed on a 2 ha research field on 27 April and emerged on 15-20 May. The
robotic weeding was conducted on 15, 23, and 30 May, 7, 13, and 27 June, and 11 July. The
field was divided into areas weeded by the robot, and control areas which were chemically
treated and untreated.

(b)

Figure 1. Experimental research 2 ha sugar beet fields (a) and a view of the FarmDroid 20 weeding
robot with robotically weeded and untreated field areas (b).

2.2. Robot

A seeding and weeding field robot (FD20, FarmDroid ApS, Vejen, Denmark) was tested
in this study. The robot was equipped with six seeding tools with seeding disks designed
for sowing sugar beets at 18 cm distances and six weeding tools, operating passively
between rows, harrowing with hoes, and actively hoe cutting inside the rows between the
plants. The robot moved at a maximal speed of 0.7 km/h. During the experiments, the
safety distance between the active cutting hoe and plants was set at 4 cm before the plant
and 5 cm after the plant.

2.3. Image Recording

An activity camera (Hero 11, GoPro, CA, USA) with a resolution of 5568 x 4872 pixels
was installed on a boom attached to the robot at a 2 m height, resulting in a space resolution
of about 1380 pixel/meter and a side overlap of about 25% (Figure 2a). The camera was
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operated in an automatic mode collecting RGB images every 10 s, resulting in about a 40%
overlap in the motion direction. The boom was made of a 2 m long aluminum tube with a
round cross section with a 20 mm diameter and a 2 mm thickness. The image location was
recorded by the camera’s positioning system with an accuracy of about 5 m. This accuracy
was not sufficient for mosaic mapping without preprocessing.

(a) (b)

Figure 2. Images collected from the sugar beet field by an action camera installed on the robot from a

2 m height (a) and a drone camera from a 4 m height (b). The distance between the plant rows was
0.5 m.

A drone (Anafi 1.8.2, Parrot SA, Paris, France) equipped with an RGB camera with
a resolution of 4608 x 3456 pixels was used to collect field images by flying at a height
of 4 m, resulting in a space resolution of about 570 pixel/meter (Figure 2b). The image
collecting was conducted in a scanning mode, controlled by a flight control software
(QGroundControl, Dronecode Foundation, Zurich, Switzerland) with a side and front
overlap of 25%. The image location was recorded by the drone’s positioning system with
an accuracy of about 1 m. The images were taken while hovering and stabilizing over
locations of interest. The scanning of the entire 2 ha field comprised about 120 min of the
flying time.

The successful image recording of the field was completed on 27 June, 2023 (part of
the field, stopped because of rain) and 5 July, 2023. In addition to the drone and activity
camera images, images taken manually by a mobile phone camera were included in the
dataset. The dataset consisting of 2272 images collected in this study is available in open
access (https://zenodo.org/records /10716274, accessed 18 September 2024).

2.4. Field Mapping

In this study, we assumed that a stitched map with an accurate fitting between the
field images is not required for estimating plant and weed density and condition. Hence,
to create a field map, the collected images were assembled only according to their recorded
coordinates and estimated space resolution. Creating this map does not require specialized
software, computational efforts, or time and does not distort the images. Two maps
of the sugar beet field map are shown in Figure 3, which is assembled from 399 drone
images taken on 27 June 2023 (in the folder SjT_SB_Drone_2023_06_27 in the dataset) and
from 1117 drone images taken on 5 July 2023 (in the folder SjT_SB_Drone_2023_07_05 in
the dataset).
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Figure 3. A field map assembled from field images collected by a drone without accurate fitting
between the images taken on 27 June 2023 (a) and 5 July 2023 (b). The field was divided into areas
analyzed in the study: robotically weeded area, chemically weeded area, and untreated area.

2.5. Plant Detection

The plant detection was completed using a YOLOv8 medium detection model
(https://docs.ultralytics.com/, accessed on 18 September 2024). The YOLOvVS default
pretrained model was trained by images with a size of 1280 x 1280. To train the YOLOVS
model, parts of the original images were split into 23,265 1280 x 1280 images, where 18,593
of them were manually labelled with 186,442 sugar beets and 151,729 weeds to be used for
training. The dataset was randomly split into training, testing, and validating sets includ-
ing 14652, 1952, and 1989 images, respectively. The model was trained during 100 epochs
with all default hyperparameters except for the following parameters for augmentation:
perspective = 0.001, mixup = 0.3, copy_paste = 0.3, mosaic = 0.5, hsv_v = 0.4, degrees = 180,
flipud = 0.5.

For model validation, mean average precision calculated at an intersection over union
threshold of 0.50 (mAP50), precision, recall, and harmonic mean of the precision and recall
(F1) for detecting sugar beets, weeds, and their average were used.

For the robot performance assessment, the YOLOv8 model was applied to the un-
labeled images, which, together with the manually labelled images, were used for the
plant and weed counting and analyses. In the untreated area, the weed canopies were
interconnected; hence, the accuracy of the automatic detection was low. For this reason, the
weed location and boundary boxes were estimated manually.

2.6. Robot Performance Analysis

The robot’s performance was estimated by a comparison of the weed density between
the robotically weeded, chemically weeded, and untreated field areas presented in Figure 3b.
The location of the plants and weeds were estimated based on manual labelling, detection by
the trained YOLOv8 model, and image coordinates recorded by the drone during imaging.
The areas of the detected boundary boxes were used for the estimation of the area covered
by the plants and the weeds. Plant and weed density and area maps were constructed with
resolution of 1 x 1 m2. The density distribution for areas with different treatments was
calculated. Software for robot performance analysis detecting plants and weeds and their
location and size was implemented on Matlab (R2024a, MathWorks Inc., MA, USA) and is
available at https:/ /github.com/VicB18/Field Analyzer/tree /main/Matlab (accessed on
18 September 2024).
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3. Results

The training convergence of the YOLOvS8 detecting model validated by the validation
set is presented in Figure 4. The accuracy measures were as follows: mAP50, F1 for sugar
beets, F1 for weeds and the average F1. They were equal to 94.3%, 94.1%, 82.4%, and 88.3%,
respectively. The precision for detection of the sugar beets, weeds, and the average was
92.9, 84.9 and 88.9 respectively. The recall was 95.3, 80.1 and 87.7 respectively. A possible
reason for the lower accuracy of the weed detection could be that, in contrast to the sugar
beet plants, which were well organized and distinguishable, a significant part of the weeds
were unorganized and hardly visually distinguishable, which made the labelling of the
weeds less accurate. However, we assumed that the average accuracy of F1 = 88.3% was
sufficient for the further robot performance analysis.
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Figure 4. Convergence of the YOLOv8 model training with mAP50 and F1 for detecting sugar beets,
weeds, and their average validated by the validation set.

The distribution of the plant and weed density in different testing areas calculated
based on the field map from Figure 3 is presented in Figure 5. The values for the plant
and weed densities are presented in Table 1. Maps of the plant and weed densities with
resolution of 1 x 1 m? are presented in Figure 6. Examples of consecutive images taken
over the same locations are presented in Figure 7.

Table 1. The average 4+ STD values for the plant and weed densities for different field treatments
recorded on 27 June 2023 and 5 July 2023. The data for the untreated area on 27 June 2023 were not
available (NA).

Robotically Weeded Chemically Weeded Untreated
27 June 2023 5 July 2023 27 June 2023 5 July 2023 27 June 2023 5 July 2023
Plar;t /CIIEE‘SIW’ 50427 50429 53430 57440 NA 15413
Weef /‘jrfﬁ‘s‘ty 43431 43+25 1.7 +34 14427 NA 120 +37
Plant area, % 54446 114 +82 5.6+ 4.6 17.3 + 14.2 NA 44442
Weed area, % 55+56 152+ 12.7 22459 35490 NA 69.3 + 25.6
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Figure 5. Plant and weed density and covering area distributions for the robotically weeded area,
chemically weeded area, and untreated control area measured on 27 June 2023 and 5 July 2023.
(a) Plant density, 1/ m?, 27 June 2023; (b) weed density, 1/ m?, 27 June 2023; (c) Plant area, %, 27 June
2023; (d) Weed area, %, 27 June 2023; (e) Plant density, 1/ mZ, 5 July 2023; (f) weed density, 1/ m?2,

5 July 2023; (g) Plant area, %, 5 July 2023; (h) Weed area, %, 5 July 2023.
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Figure 6. Weed (a,c) and plant (b,d) density maps based on drone images taken on 27 June 2023 (a,b)

and 5 July 2023 (c,d).
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(e)

Figure 7. Drone images taken over the same place in the robotically weeded area on 27 June 2023
(a) and 5 July 2023 (b), in the chemically weeded area on 27 June 2023 (c) and 5 July 2023 (d), and in
the untreated area on 27 June 2023 (e).

On the chemically weeded area, the weed density and area were mainly low, fulfilling
the requirements of a typical commercial farm, while the densities of the plants and weeds
on the untreated area were unacceptable. On the robotically weeded area, the average weed
density was about two times lower than on the untreated area, which created a significantly
larger area for collecting sun irradiation for the plants and a larger amount of minerals in
the soil. However, the average weed density and area were about three times higher than
on the chemically treated area, which means that not all available irradiation and mineral
resources were used for the plants.

4. Discussion

According to the density maps and field images, the robot weeded a majority of the
weeds in the spaces between the rows. However, the ability to cut weeds inside the rows
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was limited by the safety distance between the cutting blades and the plants. As a result,
a majority of the weeds remained close to the plants, using light and mineral resources
intended for the plants. In addition, without competition with other weeds, the remaining
weeds developed large canopies, which could not be cut by the robot.

In the two successful field samplings recorded in this study, the density and area
measurement changes can be observed in Table 1 and Figure 5. For example, the plant
density remains similar for both the robotic and chemically weeded areas on 27 June 2023
and 5 July 2023, while the plant area increased by about two times for the robotically
weeded area and by about three times for the chemically weeded area. We can assume
that the growth rate of the plants in the robotically weeded area was lower because the
remaining weeds consumed part of the light and mineral resources.

The weed density in the robotically weeded area remained similar, while the part of
the area covered by the weeds increased by about three times. We can assume that the
robot kept reachable placed free of weeds, but the weeds in the unreachable places grew
faster than the sugar beet plants almost without competition. In the chemically weeded
area, the weed density remained similar, while the part of the area covered by the weeds
increased by about two times.

The changes in the untreated area could not be traced because the data were not
available (NA) on 27 June 2023. However, the density and the area of the weeds were
significantly higher than those of the plants.

In contrast to reviewed studies ([7,9-11,17]), where the robot performance assessment
was completed based on a number of manually controlled rows with tens or hundreds of
samples, in this study, a 2 ha field was used for assessment, resulting in tens of thousands
of density samples with hundreds of thousands of plants, which were used in statistical
analysis. This amount of data allows for stronger statistical conclusions about the actual
performance of the robot and the analysis of its variability.

According to the plant and weed distribution and maps presented in Figures 5f and 6¢,
the performance of the robot varies in different locations in the field. Areas with a higher and
lower average density can be seen on the density map. However, the patterns in these areas
are not clear and it is hard to conclude whether they were caused by the robotic treatment
or by the initial higher density of the weeds. The average density was 4.3 weeds/m?, while
the majority of the values were distributed between 1 and 11 weeds/m?. This partially
corresponds to the values ranging from 2 to 6 weed /m? across different experiments reported
by [11]; however, in [11], the weed density was only assessed on a small part of a field. The
weed distribution in the chemically treated area was less diverse in a larger area, ranging
from 1 to 9 weeds/m? with an average value of 1.4, which corresponds to the values from [11]
ranging from 1 to 4 weeds/m?. However, the patterns of the high weed density areas have a
clear directionality in the spraying tool and point to the lack of overlap during the chemical
treatment.

The development of plants and weeds can be followed based on consecutive field
samplings like in Figure 7, which was limited in this study by only two successful samplings.
For example, in the robotically treated area presented in Figure 7a,b, the weed to the right
of the stone (Figure 7a) was cut, while the weed above it developed and grew. Growth and
leaves overlapping in plants can be observed in the example of the chemically treated area
presented in Figure 7c,d. In a future study, the possibility for monitoring individual plants
and weeds will be tested using mosaic field mapping.

In this study, the plant and weed detection accuracy for this specific dataset was
mAP50 = 94.3%, which was similar to the measures reported in other studies, like
mAP50 = 92.3% in [23] and mAP50 = 88.4% in [25]. Further improvements in the plant
and weed detection accuracy and robustness will be conducted in a future study using
additional datasets with sugar beet and weed images and transfer learning.

The next stage in the robot performance assessment is the study of the influence of the
amount of remaining weeds on the yield. Additional experiments measuring the yield and
estimation of profitability similarly to in [11] will be conducted in further research.
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Since the performance of weeding robots is still lower than that of manual or chemical
treatments, frequent field monitoring is important for farm management. Many commercial
companies provide services for field monitoring, usually based on drone imaging, which can
significantly improve the field management by detecting and the diseases, pests, deficiencies,
and estimating yield. However, freely available and farmer-friendly tools and software, similar
to the selective spraying system [15] or robot building, were not found [30]. The software
for robot performance analyses can represent a tool for field management for farmers and
researchers. An initial version of a user-friendly software for farmers based on the assessment
software is available at https:/ /github.com/VicB18/Field Analyzer (accessed on 18 September
2024). After updating the detecting model in the future, the software will be able to classify
the plant’s condition, such as diseases, water, and material deficiencies.

With the help of the robotic software, farmers could know the field condition and
efficiency of the robotic treatment for all of the field. Farmers and researchers could develop
optimal strategies for using the robot, such as seeding and weeding timing, robot settings,
plant and field parameters, and geometry. The robot producers can obtain quantitative
information from an actual working environment and improve the robots accordingly.

5. Conclusions

In this study, the performance of a commercial field robot was assessed for an entire
field. The robotic treatment in the tested conditions significantly decreased the weed
density; however, better robotic settings must be found to overtake the results of the
chemical weeding. Future studies for finding a relation between the weed density, the yield,
and the optimal robot actuation setting will be conducted.

A tool for this assessment was designed and published for open access. Farmers and
researchers can benefit from this tool and improve the efficiency of field robots.
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