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Autonomous weeding, a task requiring expertise at the intersection of Computer Vision and Agronomy depends
on accurate segmentation of crops and weeds from robot-collected images. Traditional segmentation models (i.e.
YOLO) require large, densely annotated datasets, whose creation is costly and labor-intensive. In contrast, Few-
Shot Learning (FSL) methods can learn from minimal annotated examples and significantly reduce the costs of
dataset creation.

This study evaluates the ability of a FSL architecture, HDMNet, to perform crop and weed segmentation using
only a single annotated support image. Its performance retains 73-80% of the accuracy compared with widely
used, annotation-intensive detectors designed for large datasets such as YOLOv5 and YOLOv8 when detecting
bean and corn plants.

Because reliable estimates of annotation effort are lacking in agriculture, we provide a quantitative assessment
of the labor required to produce pixel-level labels. Preparing the 2,069-images ‘Early’ dataset required
approximately 181 h, while 102-images ‘Refined’ dataset still required approximately 186 h. Labeling
accounted for approximately 25 and 30 h, respectively. These findings show that increasing annotation
granularity sharply raises effort without proportional accuracy gains, making dataset scale more beneficial than
mask detail for YOLO-based models. In contrast, few-shot methods achieve competitive performance while
eliminating most annotation labor.

The study is further supported by the release of a new dataset from the 2023 ACRE field competition, including
the ‘Early’ and ‘Refined’ versions.

Overall, the findings offer practical guidance for designing efficient datasets for agricultural image analysis
and demonstrate that FSL can substantially reduce autonomous weeding systems deployment costs.

1. Introduction

As the global population is expected to grow to 9-10 billion of people
by 2050, improved solutions for sustainable agriculture at scale are
urgently needed to maximize crop production through large and uni-
form cultivation areas and consistent field treatment strategies
(Karunathilake et al., 2023a). However, traditional large-scale agricul-
tural methods, while boosting food production, often lead to inefficient

resource utilization without considering nature conservation, environ-
mental sustainability and ecosystem services (Tittonell et al., 2020).
Most recently, the widespread adoption of smart technologies in
Artificial Intelligence (AI) and Robotics has transformed the agricultural
sector, aiding the transition towards green solutions and supporting the
objectives of the Green Deal (Finger et al., 2019). Broadly speaking, all
applications that can provide farmers with precise information for a
more efficient resource utilization and mitigate the environmental
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impact of agricultural practices contribute to the growing field of Pre-
cision Agriculture (Trang et al., 2022). Among these, Sharma et al. (2022)
have identified six main areas of application: crop yield and price pre-
diction, intelligent spraying, agricultural robot activity monitoring, crop
development predictive insights, crop and soil monitoring, crop disease
diagnosis.

Indeed, the adoption of AI and Autonomous Robotics technologies
for precision farming has the potential to significantly reduce energy
and resource consumption in agriculture, as prescribed in the European
Commission Farm to Fork strategy,’ automating and making more
efficient labor-intensive tasks such as plant spraying, weeding, and
harvesting. Crucially, the deployment of sustainable farming practices
through agricultural robots directly contributes to meeting the UN’s
Strategic Development Goals (SDGs), by i) increasing the proportion of
agricultural area under productive and sustainable farming (SDG Indi-
cator 2.4.1), while also ii) drastically reducing water waste (Indicator
6.4.1). By monitoring plants more precisely, robots will also reduce the
use of Nitrogen fertilisers, whose global cost has doubled in 2021. On-
farm studies have estimated yields rise by 1.75%, with a reduction of
7-13 $/acre in energy input cost and an 8% reduction of irrigation
resulting from the introduction of robotic phenotyping techniques
(Pearson et al., 2022).

While initial applications in Precision Agriculture hold promise, the
gap between the available data and the real-world adoption of these
technologies remains vast. According to Blasch et al. (2022) the low
adoption of precision faming technologies in Europe is due to the
farmers’ lack of knowledge and financial means to invest in cutting-edge
solutions. Moreover, Blasch et al. (2022) also hypothesize that the small
field size, unfit for most roboticized equipment currently available, may
be another contributing factor.

Despite the obstacles and uncertainties surrounding the adoption of
precision farming techniques, the efficacy of these methods is supported
by scientific evidence. Karunathilake et al. (2023b) have shown how
these punctual practices can contribute to a more efficient use of inputs
while indirectly reducing the energy consumption footprint and costs.
According to Nurcahyo et al. (2023) intelligent support systems which
integrate different sensors and Al techniques can support data analysis
and site-specific operations in weed management scenarios. Further-
more, precise crop and weed identification through autonomous solu-
tions can reduce the chemical input and reduce crop injury, as discussed
in (Tataridas et al., 2022, Gallo et al., 2023). A compelling case for the
automatization of Precision Agriculture tasks is exemplified by the
application of autonomous weeding robots depicted in the flow-chart in
Fig. 1. These robots can effectively reduce chemical usage by delivering
pesticides only where needed or by employing targeted mechanical
destruction. To be successfully deployed in autonomous weeding sce-
narios, robots ought to be equipped with advanced perceptual capabil-
ities, to autonomously comprehend the information collected through
their sensors (Fig. 2).

One crucial pre-requisite to autonomous weeding in real-world en-
vironments is the segmentation of weed and crop regions from robot-
collected images. Semantic segmentation, a task involving the predic-
tion of category labels at the pixel level, as presented by (Milioto et al.,
2018) becomes instrumental in achieving this goal. However, the suc-
cessful application of traditional semantic segmentation models like
Mask R-CNN (He et al., 2017), PSPNet (Zhao et al., 2016), and YOLO
(Redmon, et al., 2016), face several limitations when applied in agri-
cultural settings.

One of the primary challenges is the reliance of these models on
large, well-annotated datasets, which are often expensive and time-
consuming to produce. Field images in agriculture are complex, with
high weed occlusion, variable environmental conditions and diverse

! Available online at:
rm-fork-strategy_en.

https://food.ec.europa.eu/horizontal-topics/fa
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crop types, making the process of manual annotation both labor-
intensive and prone to inaccuracies (Ragu and Teo, 2023).

Annotating such images at the pixel level, particularly for dense
vegetation and overlapping plants, requires significant expertise and
effort (Krizhevsky et al., 2017). As a result, many farmers opt to bypass
automated weed control in favor of expert-driven manual methods,
underscoring the inefficiency of current deep learning approaches for
practical use in agriculture.

Moreover, once trained, CNN-based models can recognize a fixed
number of classes, thus limiting their flexibility. To expand the number
of classes adding weed species or crops, the models must undergo fine-
tuning with additional thousands of images and annotation work
required (Chen et al.,2019), further exacerbating the data dependency
issue. Transfer learning have been introduced to mitigate some of these
limitations by adjusting pre-trained models to new data. This reduces
the need for large annotated datasets and in some cases achieved high
accuracy (Abdalla et al., 2019). While transfer learning provides benefits
in terms of data efficiency performance, Gidaris and Komodakis (2018)
highlighted that this method still requires adequate labeled data to
prevent overfitting. This data-hungry paradigm creates an entry barrier
to the development of improved autonomous weeding solutions for
Precision Agriculture.

Unlike traditional segmentation methods, Few Shot Segmentation
(FSS) models can learn a new class from a minimal set of examples,
ranging from a single instance to a handful (e.g., one to five labeled
examples). As such, these methods can drastically reduce the costs and
resources required for bootstrapping autonomous segmentation solu-
tions. Moreover, relying on models that can learn from limited data also
simplifies the update of the model under changing environmental con-
ditions. This feature is particularly important in real-world agricultural
settings, which are characterized by marked weather, lighting and sea-
son variations. Hence, in principle, few-shot methods are prime candi-
dates for the automatization of weeding tasks in Precision Agriculture.
However, their performance is still to be fully compared to that of the
widely adopted YOLO methods, which, albeit data hungry, exhibit
impressive inference accuracy and speed. In addition, while FSS models
have exhibited promising performance on widely adopted general
datasets such as PASCAL VOC and MS-COCO, their efficacy in agricul-
tural applications remains to be evaluated.

In this paper, we provide a comparative analysis between YOLO-
based segmentation methods and HDMNet (Peng et al., 2023), a novel
few-shot learning model designed for segmentation tasks. Our investi-
gation centers on the practical implications of these models in the
context of crop and weed segmentation for corn and beans cultivation.
Our evaluation focuses on both the performance metrics of the seg-
mentation models and human hours needed for dataset collection and
labeling, analyzing the technical aspects and cost-effectiveness of YOLO
and HDMNet in agricultural image analysis.

In summary, our paper makes the following contributions:

e Two comprehensive segmentation datasets for beans and corn
cultivation: an expansive 'Early Dataset' (2069 images) and a
meticulously annotated 'Refined Dataset' (102 images) with precise
labels even for the smallest leaves.”

e A quantification of the human labor involved in the dataset creation
phases, providing a valuable benchmark for estimating the efforts
required to curate new agricultural datasets.

e A comprehensive set of experiments to assess the utility and practical
applicability of few-shot segmentation models on real agricultural
datasets of bean and corn cultivations, that introduce unique chal-
lenges compared to controlled benchmarks in Computer Vision (e.g.,
PASCAL-VOC and MS COCO).

2 Available online at: https://data.mendeley.com/preview/yxy7drms8k?a—f
62e8f04-ed09-4174-b751-6effa23cbb7f.


https://food.ec.europa.eu/horizontal-topics/farm-fork-strategy_en
https://food.ec.europa.eu/horizontal-topics/farm-fork-strategy_en
https://data.mendeley.com/preview/yxy7drms8k?a=f62e8f04-ed09-4174-b751-6effa23cbb7f
https://data.mendeley.com/preview/yxy7drms8k?a=f62e8f04-ed09-4174-b751-6effa23cbb7f

N. Catalano et al.

Field Data
Preparation

Operations

Computers and Electronics in Agriculture 245 (2026) 111524

Weed
Control

Start >

Images Acquisition

Automated Weed
Control

v 7

Unacceptable

Field Preparation

Crop-Weed Annotation

Weed contro
efficacy

! !

Satisfactory

Seeding/Transplantation

Model Training

End

| I |

Fig. 1. Schematic representation of autonomous weed management workflow.

Fig. 2. Component of the main configuration employed during the trial: (A) router, (B) Smart switches, (C) on-board PC, (D) Intel® RealSense™ D435.

2. Literature review

Having access to diverse training datasets is essential to adapt
existing weed and crop segmentation models to visual domain shifts, as
highlighted by Weyler et al. (2023). However, constructing such labeled
datasets is inherently resource-demanding and time-intensive. This
challenge significantly hinders the application of deep learning-based
models for weed and crop segmentation. To address this issue, several
strategies have been proposed in the literature that are tailored to the
needs of weed and crop segmentation and that aim to counteract data
scarcity. These methods fall under three main groups: data augmenta-
tion, transfer learning and domain adaptation techniques.

Data augmentation, a technique commonly used in Computer Vision,
involves generating synthetic data from the original images by applying
various transformations. Zou et al. (2021) and Su et al. (2021) have
shown that incorporating synthetic images during training enhances the
segmentation model's robustness against domain shifts. Similarly, Nes-
teruk et al. (2021) and Guldenring et al. (2021) have leveraged a limited
number of labeled images to create large synthetic datasets for training
segmentation models.

Another approach, domain adaptation, focuses on transforming im-
ages from a source style to a target style. Bertoglio et al. (2023) and
Magistri et al. (2023) have explored various domain adaptation methods
for weed and crop segmentation by adapting new images to the style of a
segmentation model's training set, thereby avoiding the need to retrain
the segmentation model. Similarly, Chiatti et al. (2022) applied selective
fine-tuning to individual network layers, a technique also known as
surgical fine-tuning, to handle visual domain shifts concerning the plant
varieties, camera viewpoints, and occlusions caused by foliage.

While these approaches have shown promise, they still require col-
lecting and labeling new data or adjust the base models. On the other
hand, the Few-Shot Learning (FSL) literature propose models capable of
similar objectives but with drastically lower number of training exam-
ples. In this field emerge FSS aiming at learning a new semantic class
with just handful of examples, making a compelling case for the smart
agriculture sector. The inherent difference between traditional and FSS
methods can be substantial and is summarized in Table 1.

Recent reviews, such as those by Yang et al. (2022), Sun et al. (2024)
and Nie et al. (2024), have underscored the growing importance of FSL
in addressing data scarcity within agricultural segmentation tasks. Sig-
nificant progress has been made in fields like plant disease recognition,
where studies by Liang (2021) used metric learning-based FSL to iden-
tify cotton leaf spots, and Argiieso et al. (2020) demonstrated the

Table 1
Schematic representation of autonomous weed management workflow.

Traditional Segmentation methods Few-shot Segmentation methods

Data hungry (hundreds to thousands Learning from a small number of

of training examples per class) training examples (typically 1 to 5 per

Higher annotation effort class)

High accuracy on classes seen at Lower annotation effort

training time Accuracy often lower on seen classes

Lower accuracy and limited than methods based on traditional

generalisation on Out Of Distribution supervision

(OOD) examples. Higher accuracy and better

Brittleness: adapting to new classes generalisation to OOD examples

requires re-training the model Improved adaptability to new classes,
provided general features can be
learned that aid adaptation
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effectiveness of FSL in recognizing 38 plant diseases in the PlantVillage
(Hughes and Salathé, 2015) dataset Similarly, Zhong et al. (2020)
applied a conditional adversarial autoencoder for the identification of
citrus golden grape diseases, while Wang et al. (2021) proposed a
multimodal representation learning approach to tackle vegetable dis-
ease identification using both image and text data.

In addition to plant disease recognition, FSL has also been applied to
other agricultural tasks. Zhang et al. (2021) leveraged FSL to detect the
position of crop seeds from UAV images, and Li et al., (2021b) intro-
duced a Siamese Domain Transfer Network (SDTN) to detect corn resi-
dues. FSL has also proven useful in pest identification, with Li et al.
(2020) utilizing FSL to classify cotton pests and Gui et al. (2021)
combining FSL with hyperspectral imaging to detect soybean
heartworm.

Liu et al. (2024) introduced HSDNet, a new semantic segmentation
model designed for poultry farm monitoring. It addresses the limitations
of traditional models using HSDNet models showing the potential of FSL
in adapting to new settings with just one image, reducing annotation
costs and deployment time and outperforming state-of-the-art methods.

Nuthalapati and Tunga (2021) used a FSL approach for automatically
classifying pests, healthy plants and plant diseases using minimal
labeled data. Authors performed extensive tests (42 experiments across
multiple datasets) shows the model significantly outperforms existing
methods. Wang et al. (2022) improved weed and crop detection method
using a transfer learning model and algorithms and optimization stra-
tegies to improve performance on a small dataset. RGB and multispectral
images of three weed and three crop types were processed through
image augmentation and produced high accuracy for classification and
plant weed estimation.

However, despite these advances, Yang et al. (2022) emphasize a
notable gap in the application of FSL to weed detection. This gap rep-
resents a critical challenge, as effective weed segmentation is vital for
precision agriculture. In our study, we aim to address this gap by eval-
uating the FSS model HDMNet (Peng et al., 2023) for weed and crop
segmentation. By comparing its performance with that of the widely
used YOLO model, we assess both the accuracy and the labeling effort
required for training. Our work seeks to explore the potential of FSL
techniques in weed segmentation, an area that remains underdeveloped
in current research.

3. Materials and methods

The following section outlines the materials and methodologies
employed in conducting the study. As our study focuses on estimating
human labor in data curation for autonomous weeding and evaluating
the FSS model against the traditional segmentation model, we first set up
a testbed for data acquisition. This field preparation process involved
creating two distinct cultivation patches, one for Zea Mays L. (corn) and
another for Phaseolus vulgaris L (bean), each containing both crops and
weeds. The Field preparation section provides a detailed account of this
step. Then, the Data acquisition section covers the robotic platform used
for collecting the new dataset and the briefing describing the already
available ACRE 2019 dataset. The Preprocessing and labelling section
describes how the new Early and Refined datasets have been labelled
and curated. Finally, in the Background Section, we cover the principles
of FSS and introduce a popular training scheme in the field: Episodic
Learning. We conclude with an overview of the specific models we have
selected for the experiments in this paper: HDMNet and YOLO (in its two
variants: YOLOv5 and YOLOvVS).

3.1. Field preparation

The data acquisition was conducted during the ACRE Field Campaign
2023 at the Department of Agricultural and Environmental Sciences of
University of Milan “Ciro Menozzi — Baciocca” experimental farm (45°
30° 09" N, 9° 01’ 01" E). The testbed area was part of a broader area
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covering 2.8 ha of medium mixture soil with a high number of stones.
Further details on the experimental design of this field campaign are
available in Luglio et al. (2023). The machinery used for field prepara-
tion is reported in Table 2, where the listed operation time, fuel con-
sumption, and power demand are indicative values referred to one
working element and to an average working speed following the refer-
ence value in Peruzzi and Sartori, 1997.

Images were collected in a defined area of 600 m2 and it was divided
into 4 plots (3 x 50 m). As the entire field, the plots were first mowed to
remove the weeds not involved in the competition, then the soil was
ploughed at 25 cm of depth, then the main part of the stones was buried
at 15 cm of depth by a stone burier. Harrowing at 20 cm of depth was
also conducted. This smaller area included 18 rows of corn and 16 rows
of bean. To ensure a balanced acquisition of weed examples in terms of weed
density we partitioned this area in three different zones corresponding to
low, medium and high frequency of weed presence. The corn was sown
at 75 cm of row distance and 14 cm between each plant, the bean was
manually transplanted at 37,5 cm between rows and 7 cm between each
plant. In terms of ensuring variety in the crop and weed types being investi-
gated, three different weed plant species were manually transplanted and
placed at random throughout the field area: Sinapis arvensis L. (wild
mustard), Matricaria chamomilla L. (chamomile) and Lolium perenne L.
(ryegrass). Weeds were placed in the central part of the rows, leaving 10
m at the beginning and at the end of each row. Plants were transplanted
to obtain a high weed incidence in the central 5 m and a low distribution
in the first and final 10 m. Weed varieties in the acquired set presented
different shapes and visual patterns, although they were of comparable
dimension due to being captured at the same growth stage. To reduce
the incidence of marginal and background noise in the collected data
due to the presence of scattered plants lying outside of the target area of
intervention, plants were transplanted to obtain a high weed incidence
in the central 5 m and a low distribution in the first and final 10 m. It is
worth noting that the robot acquired images only under natural lighting
and that images were taken from two opposite directions. This step
ensures to include images with and without the shadow of the robot. The
field was prepared so as to ensure that different weed and crop varieties,
presenting different shapes and visual patterns, are represented in the
acquired set. However, weed examples in the acquired set were of
comparable dimension due to being captured at the same growth stage.
To ensure optimal plant health and homogenous soil moisture condi-
tions at data acquisition time, in the last step of field preparation, the
target area was irrigated with 2,5 L m-2 twice a day for two days.

3.2. Datasets acquisition

The robotic platform used for data collection was the commercial
mobile rover Scout 2.0 (0.93 m x 0.699 m x 0.349 m) by AgileX Ro-
botics, which was equipped with different components and sensors. The
rover consists of a skid steering 4WD chassis and, during this trial, it was

Table 2
List of operations carried out during the ACRE 2023 field preparation.
Field Tractor Implement Operation Hourly fuel Power
operation time h consumption demand
ha™! kgh! kw
Ploughing Deutz- Two-share 4.3-5.9 4.0-7.0 10.0-16.0
Fahr mounted
105 hp plough
Stone Same Stone 0.8-1.7 2.0-4.0 4.0-7.0
removal Solaris burier
25 hp
Harrowing  Deutz- Spring- 1.7-3.3 5.0-13.0 12-28
Fahr tooth
105 hp harrow
Seeding Same Seed drill 2.0-2.9 3.0-5.0 8.0-13.0
Solaris
25 hp
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equipped with a shuttle PC (with Ubuntu 18.04 LTS), a Wi-Fi router, and
an RGB camera. A stable Wi-Fi connection was established to ensure full
coverage of the large area of work. Realtime data acquisition was
enabled via Secure Shell connection to the robot’s shuttle PC, running he
Robot Operating System (ROS1). The Intel® RealSense™ RGBD camera
was mounted at a 50 cm height from the ground. The rover was tele-
operated through a remote control, maintaining an average speed of
1.44 km h™! throughout data acquisition. Images were automatically
collected as a video, and they were stored in the ROS bag standard
format for robot logging, to be used for the following data preparation
and analysis steps.

3.3. Preprocessing and labelling

To annotate the acquired image set, we relied on the Robotflow API.>
This tool also allowed us to convert the annotations to the standard
COCO and YOLO image labelling formats.

The 2023 ACRE Competition Dataset provides for a total of 2069
1280x720px images, featuring corn and bean crops, alongside instances
of three weed species. Crops instances were individually labelled as
‘Bean’ and ‘Corn’, while the remaining plants in the scene not belonging
to any crop class were generally labelled as ‘Weed’. Thus, all dataset
versions contain a total of three labels: ‘Bean', 'Corn’ and ‘Weed’. To
annotate the ground truth masks associated with object regions of in-
terest, we resorted to the Smart Polygon function available in the
Roboflow API. This feature integrates an annotation assistant, based on
the Segment Anything Model (SAM) proposed by Kirillov et al. (2023),
which streamlines the labelling process. By clicking the center of the
target object, the Smart Polygon function applies an initial label based
on SAM operating in the background. The model suggests a shape for the
object, which the annotators can visually inspect and annotate with their
textual label. Annotators also have the option to refine and correct the
predicted polygon. Thanks to this semi-autonomous annotation pipe-
line, we could prepare a larger Early set of crop and weed annotations
for the ACRE 2023 dataset. Then, we also produced a second set, which
we will refer to, in the following, as the Refined dataset. For this second
dataset, we focused on a smaller set of images sampled from ACRE 2023,
non-overlapping with the Early set. Annotations for this set were pro-
duced through a more time-consuming and careful inspection of crop
and weed regions output by the Smart Polygon function. In addition to
manually refining object regions annotated automatically, we also
manually labelled any regions that were missed by the annotation as-
sistant. This is the case of small-sized weed leaves that are particularly
difficult to spot against uneven terrain.

In sum, the Early dataset, 1326 images represent corn examples, and
743 images depict bean crops. In terms of individual plant instances, the
Early dataset contains a total of 3155 instances of corn, 2918 instances
of beans, and 622 instances of weed.

Notably, the Refined dataset was derived from a subset of 102 im-
ages chosen at random from the larger 2023 ACRE Competition
Dataset, to ensure a representative selection for all the studied classes.
This refined collection consists of a total of 102 images, with 51 image
examples for each crop type. Specifically, this set provides 3971 in-
stances of weed, 269 instances of beans, and 133 instances of corn. Thus,
while we sampled the original 2023 ACRE set through a stratified pro-
cedure across crop types, we did not intervene on the natural distribu-
tion of weed and crop instances within each individual image. This is
important to ensure that the resulting dataset reflects the real-world
conditions encountered by the weeding robot and provides an
adequately challenging benchmark to pave the way for the future
deployment of the solution.

Fig. 3 shows an excerpt of images and annotations from the two
datasets. As can be noted from comparing the left-hand and right-hand

3 Available online at: https://app.roboflow.com.
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sides of Fig. 3, the Refined set provides denser annotations of the weed
and crop regions than the Early set, thanks to the more time-consuming
annotation process adopted to draw mask contours precisely by hand. As
such, compared to the Early set, this dataset provides a different
perspective. It poses the focus on the capability to segment out weed
instances, including small and scattered weed patches that are particu-
larly costly to identify and annotate, while maintaining a balanced
representation of corn and beans.

The 2019 ACRE Competition Dataset (Bertoglio et al., 2021) was
collected for benchmarking plant discrimination solutions developed by
teams participating in the 2020 edition of the ACRE competition. Data
were acquired in October 2020 at the experimental farm of the National
Research Institute for Agriculture, Food and the Environment (INRAE),
in Montoldre (France). The testbed area, consisting of sandy soil in the
absence of any stones, was partitioned into four experimental plots, each
measuring 2 m in width and 46.5 m in length. The data collected during
this field campaign covers corn and bean crops. Additionally, several
different weed varieties were included in the testbed arena and are part
of this image collection: L. perenne (ryegrass), S. arvensis (wild mustard),
Chenopodium album L. (Lamb’s quarter) and M. Chamomilla
(chamomile).

Thus, on the one hand, the ACRE 2019 set closely resembles the test
conditions of the ACRE 2023 dataset, covering the same crop varieties as
ACRE 2023 and a shared set of weed varieties. On the other hand, the
ACRE 2019 set was collected in a different geographical region, under
different soil conditions, following a different field preparation protocol
and with different robotics platforms. These differences motivate testing
whether models trained on the readily available ACRE 2019 set can also
generalize to the case of the 2023 ACRE set, including the more chal-
lenging scenario of the Refined set, where even the smallest weed leaves
are densely annotated.

Thus, together, these two datasets support the comprehensive anal-
ysis of crop and weed segmentation scenarios across different factors
contributing to data acquisition, namely the geographical area, soil and
lighting conditions, plant density and robotic platform. We will further
illustrate the experimental setup we followed for conducting this test in
Section 3.5.

3.4. Background

The semantic segmentation task involves predicting category labels
describing the content of input images at the pixel level. Compared to
object detection, where images are typically annotated with bounding
boxes or polygonal masks representing the regions of interest, semantic
segmentation produces finer-grained object masks where each pixel is
assigned a distinct label.

In recent years, the development of semantic segmentation models
has predominantly relied on the design principles of Convolutional
Neural Networks (CNNs), following the widespread adoption of this
paradigm across the field of Computer Vision (CV). CNN-based models
certainly exhibit an impressive performance in terms of accuracy of the
produced predictions. However, these methods are data hungry as their
successful application relies on the availability of training datasets that
adequately represent the distinguishing features of the target categories
to be segmented. Collecting such densely annotated datasets is a costly
and labor-intensive process.

To minimize these costs, a novel avenue of research known as FSL
has emerged within the broader field of Machine Learning (ML). FSL
seeks to mitigate the demand for large-scale training data by enabling
models to generalize from only a small set of examples. The adaptation
of FSL to the specific domain of semantic segmentation has sparked the
research line of FSS.

In the remainder of this Section, we provide a few definitions to
contextualize the experiments and contributions presented in this paper.
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Refined

Fig. 3. Examples of the two datasets crops and weeds masks.

3.4.1. Few shot segmentation (FSS)
The FSS problem was originally defined by Shaban et al. (2017) as:

The FSS is the problem of predicting the semantic segmentation mask 1\/4\,1
of a subject class l in a query image I, given a support set S composed by k
image mask couples.

More formally we define a query image I; of shape [H?, W1, 3], the
support set of k image-label pairs, or k shots, as:

S(I) = { (I M)},

Where I is an RGB image of shape [H, W', 3] and M; is a binary mask of
shape [H', W'] segmenting the object of class [ in I'. The model is then the

function f parameterised by 0 that predicts the binary mask 1\//I\q for the
semantic class [ in the query image I, as

M, = fo(I;, S()).-

3.4.2. Episodic learning

In FSS, where labelled samples are scarce, conventional algorithms
may fall short in training effectiveness. To overcome this limitation, a
common approach in FSS studies (Rakelly et al., 2018, Zhang et al.,
2019, Boudiaf et al., 2021, Tian et al., 2022, Wu et al., 2021, Nguyen and
Todorovic, 2019, Li et al., 2021a, Lu et al., 2022, Siam and Oreshkin,
2019, Wang et al., 2019, Dong and Xing, 2018) is episodic training, a
form of meta-learning, i.e., learning to learn.

Episodic learning involves training the model with simulated infer-
ence episodes. Originating from Vinyals et al. (2016) proposal, each
inference episode in a Few Shot scheme comprises a support set, a query
image, and its ground truth mask. During training, the model minimizes
the loss between the predicted mask and the ground truth mask for each
episode. The model performance is subsequently evaluated using meta-
testing episodes on unseen classes.

Therefore, the labelled class set C of a dataset is split into two sets,
Cirain and Ciegr, such that Crgin N Crer = @. An episode is then formed by
randomly picking a label class ¢ from Cpqiy. For each class ¢, k unique
images and masks segmenting class ¢ constitute the support set S, along
with one image query I;. The training objective is:

0= argmaxEy (; ) [logPy (M,|1,,S) ].

That is, the model training corresponds at finding a set of parameters

0 that maximises the expected value Eg ( of the posterior probability

Iy qu)
for the ground truth mask M, given the query image I, and the support
set S for the distribution log Py. The aim here is, over multiple episodes,
to guide the model learning to generalize despite the limited number of
examples provided in the support set.

3.4.3. HDMNet
For the experiments in this paper, we chose to focus on a specific type

of FSS architecture known as Hierarchically Decoupled Matching
Network (HDMNet) (Peng et al., 2023) as depicted in Fig. 4. At the time
of writing, HDMNet provides the state-of-the-art performance for FSS
(one-shot and five-shot) on the MS COCO Computer Vision benchmark.

HDMNet (Peng et al., 2023) implements FSS by relying on a support
set that comprises of both full images and object region masks. First, the
model filters out the background of the support images based on the area
of the provided masks. Then, it extracts features from both the support
and the query images, using a pretrained backbone where weights are
kept fixed. These support and query features undergo L stages of self-
attention and downsampling operations. These processing steps are
conceived for deriving a set of hierarchical features that facilitate the
exploration of inter-scale correlations among features within the input
images.

Let the query and support images be of dimensions [H, W, 3]. Each
downsampling block then generates intermediate feature maps of spatial
dimensions:

his — H q/s _ was
1~ o2 wi ~ o2”

The resulting intermediate query and support feature maps, denoted

as {F] }ZL:1 and {F;}IL:1 from the L stages, are aggregated to compute: a

L

1

. . 4w
correlation matrix {Cl € R'™ Xh?“’?}

, as well as an enriched feature set

S L .
{Xl € R xhiw; }1 . These enriched features are fed to a decoder to
=1

generate the final prediction M.

The decoder employs an inverse process for each enriched map X, ;.
Namely, it first applies bilinear interpolation to upsample the map so
that it matches the spatial resolution of X;. Then, a Multi-Layer Per-
ceptron (MLP) is applied to both feature maps, along with a residual
connection layer. In mathematical terms, this operation can be
expressed as:

X; = ReLU(MLP(X; + §(X1,1) ) ) + (X1 )-

Here, {; represents the bilinear interpolation operation. Finally, the

query mask M € R*W is predicted by combining a 1 x 1 kernel size
convolution to X] with bilinear up sampling.

3.4.4. YOLO

YOLO was originally developed as an object detection algorithm by
Redmon et al. (2016), although it has been gradually adapted to fit
various CV tasks beyond object detection, such as classification, seg-
mentation, tracking, and pose estimation. However, the core design
principle of processing images in a single stage has remained unchanged
from the original YOLO model (Redmon et al., 2016). Its key feature is
that it performs object detection in a single pass through a single con-
volutional network, dividing the image into a grid and predicting
bounding boxes and class probabilities for each cell in the grid.

This configuration simplifies the object detection pipeline, by
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Fig. 4. Architecture of HDMNet as proposed by Peng et al. (.
adapted from Peng et al., 2023)

framing the task as a single regression problem. As a result, the overall
inference times are generally lower than those obtained with systems
such as region-based detectors, where detection and classification are
tackled in separate stages.

In this work, we present the results obtained with the YOLOv5 and
YOLOvV8 model versions, since their baseline performance, ease of use
and off-the-shelf integration with the Roboflow data annotation and
management system drastically simplify the bootstrapping of Computer
Vision solutions in a new application scenario. Thus, evaluating YOLO-
based methods on weed segmentation tasks provides a relevant repre-
sentation of the de facto methodological choice that currently charac-
terizes many applications across Field Robotics and Agricultural
Robotics.

3.4.4.1. YOLOv5. The segmentation architecture of YOLOV5, intro-
duced by Ultralytics LLC in May 2020 (depicted in Fig. 5), is organized
into four key modules: i) the backbone Network, ii) the model neck, iii)
the prototypical mask branch and iv) the prediction head.

The function of the backbone is extracting an initial set of features
from input images through a pre-trained CNN. To reduce the number of
training parameters and accelerate training, the backbone module im-
plements a Cross-Stage Partial (CSP) Network (Wang et al., 2019) and a
Focus module. The CSP network partitions the input feature map by
adding cross-stage convolutions and lower-dimensionality (i.e., bottle-
neck) layers for feature refinement. The neck layer is conceived to
extract feature pyramids from the backbone. Specifically, a Path Ag-
gregation Network (PAN) is applied to aggregate the input features and
produce a fixed-length, denser vector representation through a Spatial
Pyramid Pooling (SPP) layer. The SPP layer separates crucial features
and enhances the receptive field by subdividing the image into divisions
and aggregating local features in each division (He et al., 2015). The
refined features extracted through the neck’ module are then passed in
parallel to both the model head and a dedicated segmentation branch,
similar to the Protonet structure described by Bolya et al. (2019). This
branch computes image-sized, prototypical masks, i.e., masks that are
independent from individual object instances.

4 Available online at: https://github.com/ultralytics/yolov5/issues/280.

Finally, the prediction head outputs the bounding box, object classes,
and prediction scores respectively. In the case of segmentation tasks, this
stage also produces a vector of k mask coefficients (one for each pro-
totype). Non-maximum Suppression (NMS) is then applied to remove
duplicate predictions and select the most relevant object proposals.
Lastly, the remaining masks post NMS and after thresholding by confi-
dence score are linearly combined with the prototypical masks, yielding
the final segmentation results.

3.4.4.2. YOLOv8. YOLOV8, proposed by Ultralytics in May 2023
(Jocher et al., 2023), at the time of writing is the newest version in the
YOLO model series. It builds upon YOLOV5, introducing a few key en-
hancements represented also in Fig. 6.

The first significant improvement lies in the neck layer, where
YOLOVS8 incorporates the PAFPN module to generate feature pyramids.
PAFPN is another component of Path Aggregation Networks that im-
plements bottom-up path augmentation. Bottom-up path augmentation
shortens the path between top-level features and lower-level features in
the pyramid structure, by adding skip connections. This configuration
comes with the advantage of compacting the information path, miti-
gating the information loss from topmost to lower-level features.

Compared to YOLOV5, features at the neck level are concatenated
together without forcing vectors to the same channel dimension, thus
reducing the overall number of training parameters.

Another difference between YOLOv5 and YOLOVS relates to relying
on anchor boxes at training time. Indeed, previous YOLO versions
(including version 5), predict object boxes as regions shifted by a certain
offset with respect to a set of reference anchors. Because anchors
implicitly encode the distribution of the pre-training set, they poten-
tially hinder generalization. As such, the anchor-free detection pipeline
in YOLOvS8 provides, in principle, a more scalable solution than its
YOLOVS5 predecessor.

It is worth noting that both YOLOv5 and YOLOVS8 provide the option
to downsample object masks to increase the training speed. By default,
in YOLOVS8, masks are downsampled by a factor of 4. This design choice
may impact the ability of the model to segment small objects, a common
scenario when detecting weeds since their earliest growth stages. We
will further discuss the implications of this downsampling strategy on
the evaluation scores in the experiment section.
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Fig. 5. Architecture of YoloV5, Image courtesy of Ultralytics.
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Fig. 6. YOLOVS8 Architecture Original Image courtesy of Ultralytics(Available online at: https://yolov8.org/what-is-yolov8/).

3.4.4.3. Experiments. In this section, we illustrate the experimental
design for evaluating the performance of YOLO (in its YOLOv5 and
YOLOvV8 versions) and HDMNet. Here we also specify the evaluation
metrics adopted in our analysis. These metrics not only gauge the model
segmentation performance when varying quantity and quality of
training data is available, but also quantify the human labor involved in
the different phases of dataset creation.

3.4.5. Experiments on YOLO

As anticipated in Section 3.3, we prepared two datasets for this
experimentation (Early and Refined). This duality aims to assess the
impact of changing the granularity of crop and weed region annotations
on the performance of the YOLO family of methods.

Specifically, we seek to understand the impact on model perfor-
mance of relying on training data that are larger in scale but noisier (i.e.,
the Early set), as opposed to capitalizing on fewer densely annotated
and accurate annotations (i.e., the Refined set). To this aim, our ex-
periments start from the scenario where models under comparison are
trained on the early and refined sets respectively. Then, the performance
for both sets of trials is opportunely compared.

Additionally, we are interested in studying the performance effects of
training models on the simpler-to-construct Early dataset, while
considering the more challenging Refined dataset as test set, where
even smaller leaf structures are labelled.

Finally, we evaluate the generalization capability of the models
under changing conditions by training them on the already available
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2019 ACRE Competition Dataset and test them on both Early and
Refined datasets.

To systematically address the research objectives, we conducted
three experiments, organized as outlined in Table 3.

3.4.6. Experiments on HDMNet

With a similar objective, we conducted experiments with the
HDMNet FSS model on the Early and Refined sets. To test the efficacy of
applying FSS models with minimal supporting examples, we evaluated
HDMNet using the weights from training on the MS COCO dataset and
directly tested the model on the Early and Refined sets without any
additional training.

We also evaluated a second testing scenario of intermediate diffi-
culty. Namely, we trained HDMNet on the ACRE 2019 Dataset, which
resembles the same domain as the target set, i.e., weed and crop ex-
amples collected in bean and corn cultivations, while introducing a few
environmental differences (as highlighted in Section 3.3). In line with
the FSS literature we conducted the experiments with both 1 and 5
support examples. The structure of experiments conducted in this phase
is also summarized in Table 4.

3.5. Evaluation metrics

To assess the performance of the different models under comparison,
we measure the segmentation accuracy across classes through the
Intersection over Union (IoU) and Mean Intersection over Union (mIoU)
metrics. Additionally, we introduce the human hours metric to gauge the
manual effort involved in dataset preparation. Further details on these
metrics and their formulations are provided in the following sections.

3.5.1. Model performance

First, we took the JoU metric as a reference to access and compare the
performance of HDMNet and the YOLO models on crop and weed seg-
mentation tasks. Moreover, since we tested models on 4 distinct classes
(i.e., Corn, Bean, Weed Corn, and Weed Bean) we also used the mIoU as a
summary metric of performance across experiments. We chose the IoU as
a suitable metric of the segmentation accuracy since it evaluates the
spatial overlap between predicted and ground truth masks.

In formal terms, let ¢ be the subject class to segment, then the
formulation of the IoU can be derived as follows:

TP,

U, = — ¢
O = TP, FP, + FN,’

where TP,, FP, and FN, are the number of pixels that are respectively
true positives, false positives and false negatives predicted to mask a
given class c.

The mloU is defined as the average of iou for all classes:

1i=C
mloU = E‘Zc:i IoU.,
where C is the total number of classes.
3.5.2. Human effort assessment

To gauge the effort invested in constructing the experimental field,
acquiring data, and labelling images, we tracked the human hours spent

Table 3
Table summarizing the experiment conducted on YOLOvV5
and YOLOVS.

Training dataset Test dataset

Early set Early set
Refined set Refined set
Early set Refined set
Acre 2019 Early set
Acre 2019 Refined set
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Table 4
Table summarizing the experiments conducted on
HDMNet.

Training dataset Test dataset

MS COCO Early set
MS COCO Refined set
Acre 2019 Early set
Acre 2019 Refined set

during all phases of data and field preparation.

Significantly, this metric gains relevance in evaluating the labeling
phase's impact on the trade-off between dataset richness and labor in-
tensity in dataset preparation. Notably, the Early dataset, despite con-
taining more labeled images, required considerably fewer human hours
per picture for completing the annotation compared to the Refined
dataset. This contrast reveals the intricate relationship between dataset
richness and the labor intensity required for data preparation. Impor-
tantly, it provides a set of reference figures and valuable insights that
can guide future efforts in the creation of improved benchmarks for
Computer Vision in Precision Agriculture. To estimate the cost of
developing a labeled dataset for image segmentation in agricultural
contexts, we calculated the total cost by multiplying the hours spent on
labeling by the corresponding hourly wage. The selected wages were
based on official rates for professionals with the necessary expertise to
produce the labels, ensuring an accurate representation of labor costs.
Specifically, we utilized data from the National Collective Labor
Agreement for Agricultural and Floricultural Workers and the University
of Pisa's Costs and Wage Tables (see Table 8). These sources were chosen
because they provide the most accurate wage estimates for the context of
this study. They reflect Italian wage standards and include cost tables
from the University where the larger portion of labeling occurred,
ensuring that the cost estimation aligns closely with the conditions
under which the experiments were conducted. By including this infor-
mation, our study addresses a gap in the literature by offering a concrete
reference point for estimating annotation costs in similar scenarios.

4. Implementation details

To implement and train the YOLO models, we used The Google
Colaboratory platform (Colab), offered by Google. Colab, a Cloud-based
service based on Jupyter Notebooks, provides a free single 12 GB NVI-
DIA Tesla K80 GPU. YOLOv5s model (YOLOv5s-seg summary: 255
layers, 7,413,608 parameters, 25.9 GFLOP) and YOLOv8s model
(YOLOv8s-seg summary: 261 layers, 11,791,257 parameters 42.7
GFLOP) were trained on both Early and Refined datasets. In the case of
both datasets, models were trained for 100 epochs and with a batch size
of 16. Images sizes were resized to a 640 x 640 resolution and a Sto-
chastic Gradient Descent (SGD) optimizer was used, with momentum set
to 0.937. The learning rate was set to 0.01. We used the Ultralytics
default implementation for both YOLO versions (v5, and v8). To
improve the training success, the Refined dataset was augmented by
applying Horizontal flipping, Vertical flipping, Rotation (—15° and +
15°), Hue (—50° and + 50°), Saturation (—50% and + 50%), and Noise
(10% of pixels) transformations.

HDMNet was trained on an Nvidia Quadro RTX 6000 24 GB GPU,
keeping the default configuration in terms of downsampling the training
images to 633x633 pixels and the types of data augmentation techniques
applied. Specifically, the augmentation process consists of the following
operations: randomized scaling within the range of 0.8 to 1.25, ran-
domized rotation between —10° and 10°, randomized Gaussian blur,
and a randomized horizontal flip. The default training procedure ranged
over 50 epochs, with a batch size of 6 and a total of 50,898,627 trainable
parameters. As in the case of YOLO-based methods, we used SGD as
optimizer, with a momentum of 0.9, a weight decay of 0.01, and Cross-
Entropy Loss as optimization function. It is important to note that, due to
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limited GPU memory, training HDMNet in a 5-shot configuration was
not feasible. Consequently, only 1 shot at a time was fed to the model
during training. Experiments involving the 5-shot configuration were
conducted using weights from training on MS COCO by Peng et al.
(2023), introducing the larger, 5-shot support set only at inference time.
Among the four available splits of the broader COCO dataset, we always
experimented using the subsample denoted as “split 0” in the official
GitHub implementation of HDMNet.

4.1. Note on the YOLO evaluation pipeline

In the default implementation of YOLOv8 and YOLOVS5 by Ultralytics
LTD., the input images are downsampled to reduce the larger spatial
dimension to 640 pixels. Given an input image of 1280x720px, the
resulting prediction volume is reduced to a spatial resolution of 168x96.
In the default evaluation script, ground truth masks are downsampled to
match the spatial resolution of this prediction volume: i.e., 168x96. We
initially adopted this default configuration to assess the off-the-shelf
performance that can be achieved when widely adopted YOLO models
are applied to real-world autonomous weeding scenarios. This
approach, however, brings along an increased tendency to overlook the
finer details in the image, as objects of modest size such as small leaves
disappear from the prediction mask because of the downsampling. These
overlooked regions introduce a bias in the IoU metrics detailed in Sec-
tion 3.6.1, as downsampling by factor greater than 7 might let finer
details and small instances disappear from the ground truth, leaving
only the subjects of greater size to contribute to the IoU counts. Hence,
the IoU scores may appear overly inflated as a result.

In contrast, HDMNet, in its default configuration, generates a pre-
diction volume with a spatial resolution of 633x633. This prediction
volume is subsequently up sampled to match the resolution of the input
image before computing the IoU. This methodology ensures a more
faithful representation of details, minimizing the loss of information.

To facilitate a fair comparison between these model families, we
chose to manually set the input image resolution for YOLO during
evaluation to the actual dataset image resolution, therefore avoiding any
preprocessing downsampling, by specifying imgsz = 1280. Similarly, to
bypass any downsampling of the ground truth we set mask_ratio = 1.
This decision results in a prediction space resolution of 184x328 and a
padded ground truth of 736x1312px. Subsequently, we modified the
evaluation code for both YOLOv5 and YOLOVS8 to up sample the pre-
diction volume to the resolution of the ground truth. The objective of the
introduced modification is reverting the effects of downsampling. We
will present the results obtained with this adjusted configuration in the
following Section (Table 6).

5. Results

In this section, we present the results of our experiments, providing
both quantitative and qualitative insights. The quantitative results
concern the segmentation scores of the tested models, as well as the
human hours invested in dataset creation. The qualitative results then
further situate the explanation of results by showcasing selected exam-
ples of model predictions.

The model weights for both YOLO and HDMNet are based on the best
performing weights. For YOLO those weights are selected according to a
fitness function developed by Ultralytics as a weighted sum of
mAP@0.5, mAP@0.5:0.95 with facto 0.1 and 0.9 respectively over the
validation set. For HDMNet the best configuration is selected according
to the highest mIoU score on the validation set. Further configuration
details can be found in Section 4. Finally, in line with the FSS literature
we tested HDMNet in both 1 and 5 shot. Here it is important to note that
the HDMNet experiment on 1-shot included a training phase on ACRE
2019, while in 5-shot we could not replicate the training on agricultural
data due to GPU memory constraints, and such we used a configuration
pretrained on the MS COCO dataset.
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5.1. Quantitative results

Table 5 reports the quantitative performance results (in terms of IoU
scores) obtained where different versions of YOLO are used. Moreover,
test results on the Early and Refined sets are also reported for HDMNet
pre-trained on ACRE 2019.

As can be noted from Table 5, YOLOV5 achieved the top performance
across different training configurations and class types (crop and weed).
In particular, the highest results were reached in the scenario where
YOLO models are trained on the Early set and tested of a different split of
the same set. This result was expected and serves as a performance upper
bound. Indeed, sampling training and test examples from the same
distribution presents the least challenging scenario among the ones
being tested. Moreover, in the early set only the larger and easier to
predict leaves are labelled. At the same time, the early set provides the
largest number of training examples.

The second best in terms of IoU scores for most classes is the case
where YOLO models were trained on the ACRE 2019 set and tested on
the Early set. One explanation we can provide for these results is the
more forgiving nature of object masks in the Early set. Indeed, ground
truth masks in the Early set were not labelled with the same granularity
as the Refined set, partially inflating the IoU scores.

This explanation is further corroborated by the results obtained
when models are trained and tested on two different subsamples taken
from the Refined set. Despite the introduced simplification of sampling
data from the same distribution, this case does not reach the upper
bound performance. Indeed, segmenting refined masks is inherently
more challenging.

We also examine a more challenging configuration when models are
trained on the ACRE 2019 set (collected in Montoldre, France,
Auvergne-Rhone-Alpes region by four different robots) and tested on
different splits of the ACRE 2023 dataset (collected in Cornaredo, Italy,
Lombardia region by a fifth new robot). Namely, this setup allows us to
investigate the model adaptability to a different geographical region,
soil conditions, field preparation protocols and different robotic plat-
forms. Results show that, with as little as one training example per class,
the FSL method HDMnet already manages to reach a high proportion of
the top performance achieved with YOLO on both crop types, through a
more costly training routine. Specifically,: ~ 78% of the top perfor-
mance was achieved on Corn crops; ~ 80% on Bean crops when testing
on the Early set; ~ 74% and ~ 73% for Corn and Bean crops when
testing on the Refined set. Nevertheless, results are much more modest
in the case of weed segmentation. The HDMNet IoU on the Early set only
amounts to ~ 17% of the top performance for Corn weeds and to ~ 16%
for Bean weeds. When testing on the Refined set, HDMNet reaches only
~ 24% of the YOLO scores on Corn weeds. In the extreme case of Bean
weeds, HDMNet only amounts to ~ 2% of the top-performance scores
obtained with YOLO. We can explain these results by considering that
weed segmentation is an inherently more challenging task than crop
segmentation, due to the small size and scattered configuration of weed
masks.

Interesting insights can also be gathered from the results of the last
configuration listed in Table 5: the scenario where models are trained on
the Early set and tested on the Refined set. Despite the high scores
achieved on the crop class, this setup led to the lowest performance for
weed segmentation. Although weeds are generally more difficult to
segment, a trend that is reflected in the scores from all trials, IoU metrics
are particularly low in this case, with a near-zero performance on the
corn weed species.

As anticipated in Section 4.1, YOLO downsamples masks when
evaluating results in its default configuration. Therefore, to allow a fair
comparison of the YOLO and HDMNet results across the different sets,
we repeated the trials reported in Table 5 after customizing the evalu-
ation procedure, following the method described in Section 4.1. Results
from this set of experiments are listed in Table 6. One can note from
comparing Table 5 with Table 6 that skipping the downsampling
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Table 5

Computers and Electronics in Agriculture 245 (2026) 111524

Table comparing the IoU score and number of training samples of YOLOv5, YOLOv8 and HDMNet trained and tested on different dataset with their default config-

uration. In bold are highlighted the best score for each category.

Training Dataset #Training Samples Test Dataset Model Crop Weed mean IoU
corn bean Corn Bean Corn Bean
ACRE 2019 500 500 Early YOLOvV5 0.9663 0.9094 0.8015 0.8744 0.8879
2023 YOLOvV8 0.9318 0.8182 0.6934 0.794 0.8093
HDMNet — 1 Shot 0.7515 0.7243 0.1454 0.1578 0.4447
ACRE 2019 500 500 Refined 2023 YOLOVS 0.9854 0.8706 0.6228 0.8511 0.8324
YOLOv8 0.9426 0.7973 0.6773 0.8078 0.8062
HDMNet — 1 Shot 0.7308 0.6481 0.1614 0.0211 0.3903
Early 2023 1326 743 Early YOLOVS 0.9685 0.9755 0.8544 0.8363 0.9086
2023 YOLOv8 0.9358 0.961 0.7494 0.7951 0.8603
Refined 2023 51 51 Refined 2023 YOLOV5 0.9091 0.8985 0.7297 0.7988 0.834
YOLOV8 0.9347 0.9378 0.7145 0.7116 0.8246
Early 2023 1326 743 Refined 2023 YOLOvV5 0.9717 0.9302 0.0263 0.1663 0.5236
YOLOv8 0.9383 0.9111 0.0188 0.1364 0.5011
Table 6

Table comparing the IoU score and number of training samples of YOLOv5, YOLOVS trained and tested on different datasets using a custom evaluation script. The
scores are computed without donwsampling the ground truth, to align results with the default configuration of HDMNet. HDMNet results from Table 4 are also reported
here to facilitate the comparison. Notably, the last row shows how HDMNet have comparable or better scores than YOLO on crop categories even without any training
on the specific test categories. The best scores for each category are highlighted in bold.

Training #Training Samples Test Dataset Model Crop Weed
Dataset corn bean Corn Bean Corn Bean mean IoU
ACRE 2019 500 500 Early 2023 YOLOvV5 0.575 0.676 0.4924 0.5686 0.578
YOLOv8 0.5394 0.6005 0.3849 0.4963 0.5053
HDMNet — 1 Shot 0.7515 0.7243 0.1454 0.1578 0.4447
ACRE 2019 500 500 Refined 2023 YOLOvV5 0.4935 0.6408 0.1859 0.4421 0.4406
YOLOvV8 0.4256 0.573 0.2079 0.4557 0.4156
HDMNet — 1 Shot 0.7308 0.6481 0.1614 0.0211 0.3903
Early 2023 1326 743 Early 2023 YOLOV5 0.5392 0.7836 0.5431 0.5441 0.6025
YOLOv8 0.5252 0.7758 0.4784 0.5241 0.5759
Refined 2023 51 51 Refined 2023 YOLOvV5 0.37 0.6618 0.0815 0.2651 0.3446
YOLOV8 0.3835 0.7328 0.097 0.296 0.3773
Early 2023 1326 743 Refined 2023 YOLOvV5 0.546 0.751 0.0103 0.0854 0.3485
YOLOv8 0.542 0.736 0.0094 0.0835 0.343
Pretrained on COCO 0 0 Early 2023 HDMNet — 5 shot 0.5565 0.6352 0.0042 0 0.299
Refined 2023 HDMNet — 5 shot 0.527 0.5435 0.0312 0.008 0.2774

procedure led to a significant drop in the performance of both YOLOv5
and YOLOVS in all segmentation classes (weed and crop types). With
these newly-computed metrics, HDMNet achieved a comparable or
increased performance on the crop classes compared to YOLO. Specif-
ically, HDMNet achieved the top performance on crop types when pre-
trained on the ACRE.

2019 set and tested on either the refined or the early sets. In the case
of corn and bean crops, the IoU obtained with HDMNet pre-trained on
COCO, with access to only 5 shots from the target set, is even higher than
some of the YOLO trials, particularly when YOLO is pretrained on ACRE
2019. Crucially, while, in the latter cases, YOLO was trained on a pur-
posely built dataset, representative of the agricultural domain, HDMNet
was simply pretrained on the general-purpose MS COCO dataset, i.e., on
a different domain and task from weed and crop segmentation.

As can be noted from the last two rows in Table 7, however, results
achieved with HDMNet only pre-trained on COCO are generally lower

than those achieved with YOLO for bean crops and are also reached at
the expense of weed predictions, which amount to the lowest IoU scores
among all sets of trials in Table 6. Indeed, in this scenario, the model is
only relying on one or five shots to learn from, as opposed to the larger
training sets of previous trials.

However, by comparing the HDMNet results in one-shot and five-
shot settings it can be noted that even adding a limited number of ex-
amples to the support set has the potential to drastically improve the
model performance. Of particular note is the case of crop segmentation
where relying on 5 shots partially bridges the gap towards achieving the
high-performance scores of YOLO.

Table 8 presents a comprehensive assessment of the human effort
invested in the development of the two studied datasets for ‘Bean’,
‘Corn’ and ‘Weed’ segmentation. This assessment focused on various
phases, spanning from field operations to labeling processes. Results
provide insights on the requirements of collecting image collections that

Table 7
IoU scores of HDMNet pretrained on the MS COCO Dataset and no additional training in1 and 5 shot configuration. The best scores for each category are highlighted in
bold.
Training Dataset Test Dataset Model Crop Weed mean IoU
Corn Bean Corn Bean
Pretrained on COCO Early HDMNet — 1 shot 0.4695 0.5668 0.0145 0.0034 0.2635
2023 HDMNet — 5 shot 0.5565 0.6352 0.0042 0.0000 0.2990
Pretrained on COCO Refined 2023 HDMNet — 1 shot 0.4312 0.4899 0.0174 0.0068 0.2363
HDMNet — 5 shot 0.5270 0.5435 0.0312 0.0080 0.2774
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Table 8

Human effort assessment for Early and Refined dataset development. This
Table outlines the time (min) invested in various stages, including field opera-
tions, seeding/transplantation, image acquisition, and labeling.

Field operation Time (min) Operation total

cost (€)

Ploughing* 18.36 2.57

Stone burier* 9 1.26

Harrowing* 9 1.26

Seed drill* 8.82 1.24

Manual 6720 863.52

transplantation™®

Manual weeding™ 2520 323.82

Images acquisition®  Time (min) Operation total
cost (€)

Images Average  Range Total

2069 0.033 (0.03-0.08) 95 15.96

Labelling® Time (min) Operation total
cost (€)

Dataset Average  Range Total

Early (2069) 0.93 (0.25-1.5) 1507.13  253.20

Refined (102) 16.71 (4-38) 1778.35  298.76

Total Early 10887.31 (~181 h) 1462.83

Total Refined 11158.53 (~186 h) 1508.40

*Specialized agricultural worker: 8.41 € per hour (from the National Collective
Labor Agreement for Agricultural and Floricultural Workers (Available online
at: https://www.flai.it/wp-content/uploads/2023/11/CCNL-Operai-Agricoli-e-
Florovivaisti-2022-2025.pdf.)).

TBasic agricultural worker: 7.71 € per hour (from the National Collective Labor
Agreement for Agricultural and Floricultural Workers4).

°Average rate for postdoctoral researchers and PhD students: 10.08 € per hour
(from the University of Pisa Costs and Wage Tables (Available online at: https://
www.unipi.it/index.php/costi-e-tabelle-retributive/item/2141-importi-
assegni-di-ricerca%OB.)).

fit the agricultural domain, while increasing awareness on the human
effort required in each stage of dataset creation.

The human effort analysis revealed that apart from the necessary
time for the field preparation, the more striking differences between
datasets of different annotation (mask) granularity emerge at the
labelling stage. The dataset acquisition and labeling process required
significant labor, especially for manual tasks and image labeling. The
overall time commitment for the dataset preparation, including field
operations, manual tasks, image acquisition, and labeling, exceeded
360 h, with a total estimated cost of approximately 1460 € for the early

Input Image

Early dataset trained prediction

a)
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dataset and 1500 € for the refined dataset. The labeling cost was
approximately 250 € for the Early dataset and 300 € for the Refined
dataset. Despite having fewer images, the Refined dataset required 5
additional hours for labeling compared to the Early dataset. This in-
crease in time was due to the need for thorough visual inspection and
correction of object masks generated by the Segment Anything Model,
especially given the high number of weed instances and the need for
precise annotation of small regions. Additionally, this process demands a
deeper understanding of plant morphology to accurately distinguish
between plants, particularly in their specific phenological stages,
ensuring precise differentiation between weeds and crops.

Overall, the labelling time was 5 h higher for the Refined dataset
compared to the Early set, even though the Refined set consists of a
lower number of images. This resulted from the longer times required for
visually inspecting and correcting the object masks output by the SAM,
due to the high number of weed instances to be annotated, including
small-sized regions to be accurately labelled.

5.2. Qualitative results

This section illustrates a set of selected predictions gathered from the
YOLOvV5 and HDMNet results.

In Fig. 7, we present examples of weed and crop segmentation from
the bean and corn cultivations examined in our study. Training the
model on the early dataset is insufficient for accurately detecting weeds,
as evidenced by the absence of weed predictions in pictures a) and c) of
Fig. 7. Conversely, the model trained on the Refined dataset demon-
strates improved weed identification capabilities as evident in b) and d).
Importantly, both models exhibit high-quality crop segmentation with
similar predictions a) and b). Nonetheless, while comparing these two
predictions, it must be noted that YOLO trained on the Early dataset is
correctly segmenting the leaves in the right bottom corner of the image,
but mistakes weed leaves for bean crops.

5.2.1. YOLOv5

Fig. 8 showcases the qualitative outcomes achieved through
HDMNet when tasked to segment a) bean crops, b) bean weeds, c) corn
crops and d) corn weeds in a one-shot configuration. In each subpicture
we show the results employing both a model pre-trained on the COCO
dataset (third column) and a model trained specifically on the ACRE
2019 dataset (fourth column).

Across all the four queries, the size of the detected subject emerges as
one key success factor. The prediction of bean crops is already

Refined dataset trained prediction

b)

Fig. 7. Qualitative examples on weed and crop segmentation on bean cultivation (first row) and corn cultivation (second row) using YOLOvS5. The second column
displays the predictions when the model has been trained on the Early dataset, while the third column shows the prediction when the Refined dataset is used for
training. The bean crop is masked in red, the corn crop is masked in salmon, the weeds for both cultivations are masked in orange.
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satisfactory with the COCO pretrained model. Pre-training on ACRE
2019, in the case of bean crops, only improves the model ability to
accurately segment edges — Fig. 8a). On the other hand, the model could
only partially segment the relatively smaller corn crop leaves, which
were instead more accurately segmented after pre-training on ACRE
2019. Finally, weeds are the most difficult subjects to detect. In partic-
ular, the model pretrained on COCO misclassifies a portion of the bean
crop regions as weed, as can be seen in Fig. 8b). The model pretrained on
ACRE 2019, while avoiding misclassification, still misses out a large
portion of the weed leaf area. The same model (i.e., pre-trained on ACRE
2019) exhibits a marginally improved ability to segment corn weeds,
Fig. 8d), while the model pretrained on COCO still fails to detect the
target weed regions completely.

5.2.2. HDMNet

a) Bean Crop

Query Image

Support Image

Support Mask Ground Truth

Prediction — Pretrained

Computers and Electronics in Agriculture 245 (2026) 111524
5.3. Failure cases

In this section, we analyze failure cases observed for HDMNet in two
different training configurations: pretrained on MS COCO and trained on
ACRE 2019.

Fig. 9 showcases failure cases for HDMNet trained on the MS COCO
dataset. In the first block, the model attempts to segment a small weed
leaf in the bottom right corner. Based on the failure examples, the small
size of the weed and differences in soil, lighting, and rotation between
the query and support images appear to lead HDMNet to erroneously
classify parts of the robot wheel and bean leaves as weeds. The second
block further illustrates these difficulties, with the model misclassifying
a large area of the ground as weeds while failing to detect actual weeds
in the bottom left of the image. Although this error is less severe than the
first, as corn leaves are not misclassified, the implications for practical
applications such as weeding robots are significant, as these errors may
lead to crop damage.

Fig. 10 presents failure cases for HDMNet trained on the ACRE 2019

Prediction — Train ACRE

on COCO 2019

b) Bean Weed

Support Image Query Image

Ground Truth

Support Mask

Prediction — No Train

Prediction — Train ACRE

2019

Fig. 8. Qualitative example of crop and weed segmentation on bean and corn cultivation using HDMNet. In each block the first row depicts the support set, the
second the query image and the ground truth. The third column illustrates the prediction of HDMNet on the query image when no additional training is performed
beside the pretraining on COCO, and the last column when additional training on the ACRE 2019 dataset is performed.
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¢) Corn Crop

Support Image Query Image

Support Mask Ground Truth Prediction — Pretrained Prediction — Train ACRE

on COCO 2019

d) Corn Weed

Support Image Query Image

Prediction — Pretrained Prediction — Train ACRE

on COCO 2019

Fig. 8. (continued).

dataset, which includes images of corn, beans, and weeds from a Section 3.3. Training on ACRE 2019 data reduces the error rate pro-
different geographical location, robot platform, and year, as discussed in duced by HDMNet significantly compared to training on MS COCO
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Query Image

Support Image
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Prediction

Fig. 9. Failure examples of HDMNet pretrained only on the split 0 of COCO on images of beans (top group) and corn (bottom group) cultivation. For both the support
and query image we report the ground truth and label in the second row of teach group.

alone. In the first block, the model under-segments bean leaves; this
under-segmentation may be due to differences in ground conditions and
lighting, resulting in false negatives but no false positives. In the second
block, although small weeds remain challenging, the model’s error rate
is lower, demonstrating improved performance over the MS COCO
training configuration.

Fig. 11 present a collection of failure cases of YoloV5 and YoloV8,
revealing critical insights into the impact of training dataset on this
family of models. Models trained on the ACRE 2019 exhibit significant
misclassification errors, such as YoloV5 misclassifying rocks as bean
leaves and YoloV8 over-segmenting background areas as weeds while
partially failing to detect crops. The domain shift between the training
set and the data collected for these experiments can be identified as the
most important factor leading to the observed errors, posing significant
questions about the generalization capabilities of these models.

On the other hand, training on datasets collected during this study
reduces domain shifts but highlights a tradeoff between dataset quantity
and quality. The Early 2023 dataset, with fewer weed instances, mini-
mizes crop misclassification but fails to adequately train the models to
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detect weeds. Conversely, the smaller yet more balanced Refined 2023
dataset, which includes labels for smaller weed leaves, improves weed
predictions but introduces false positives and crop confusion, such as
rocks misclassified as weeds by YoloV8 and crop species confusion by
YoloVs.

In sum, the presented failure cases highlight how dataset selection
plays a critical role in the performance of Yolo models. Training on
readily available dataset, avoids labeling effort but can hinder perfor-
mance on images from different fields, different time or different robot.
Custom datasets can mitigate these effects but present tradeoffs: the
Early 2023 dataset, with more images but fewer weed labels, reduces
crop misclassification but struggles with weed detection. Conversely, the
smaller, balanced Refined 2023 dataset improves weed segmentation,
including smaller leaves, at the cost of increased false positives and crop
confusion.

In contrast, FSS models like HDMNet, as also highlighted by Catalano
et al. (2024), struggles with small, scattered weeds. HDMNet perfor-
mance is further affected by variations in soil, lighting, and rotation
between query and support images. Pretraining on the MS COCO generic
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Query Image

Support Image
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Prediction

Fig. 10. Failure examples of HDMNet trained on ACRE 2019 on images of beans (top group) and corn (bottom group) cultivation. For both the support and query

image we report the ground truth and label in the second row of teach group.

datset results in high error rates, while pretraining on the agricultural
ACRE 2019 dataset partially mitigates these issues, reducing false pos-
itives and improving crop segmentation.

Overall, YoloV5 and YoloV8 require tailored datasets to optimize
performance, while HDMNet benefits significantly from faster adapta-
tion capabilities but requiring the support example to closely resemble
the query image.

6. Discussion

In the remainder of this section, we provide a nuanced review of the
experimental results that have been just presented, drawing connections
between quantitative and qualitative outcomes from the performance of
different instance segmentation models. Building upon the insights
presented in the previous sections, our analysis focuses on key findings
highlighted in Tables 5, 6, 7 and 8 that are indicative of the interplay
between dataset characteristics, human labor investment, model effi-
cacy, and pragmatic aspects that are required for the development of the
autonomous weeding solutions in field.
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In Table 5, we present the performance comparison between YOLO
and HDMNet on two distinct datasets: the coarser yet larger Early
dataset and the more finely annotated Refined dataset. One initial
observation that can be drawn is the consistently higher IoU scores
achieved with YOLO, particularly in the case where the model is trained
on the Early dataset and tested specifically on the detection of crop
categories. However, after analyzing more thoroughly the default
evaluation procedure provided with YOLO models, we have identified a
potential limitation in the ability of these models of capturing small
objects, such as weed leaves, due to downsampling (Section 3.1).
Namely, the downsampling process may lead to small object masks
disappearing from the ground truth, introducing bias in IoU computa-
tion. Indeed, Table 6 demonstrates that refraining from downsampling
the ground truth, by introducing the custom evaluation procedure
detailed in Section 4.1, overall, generated lower IoU metrics for the
YOLO predictions. This performance drop is especially noticeable in
datasets that include a higher number of small leaf annotations, like the
Refined dataset.

Under the fairer comparison enabled by this custom evaluation
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Model Training Set Prediction
HigloNS ACRE2019

Yolovs Early 2023

Yolovs Refined 2023

Yolova ACRE 2019

YoloV8 Early 2023

&, vood treed 06130 & %sed 0P wend,

Yolovs Refined 2023

Fig. 11. Failure examples of YoloV5 and YoloV8 trained on ACRE 2019, Early 2023 and Refined 2023.

procedure, the FSS model HDMNet achieves a comparable segmentation
performance to YOLO for crop classes, as evidenced by both the quan-
titative (Section 5.1) and qualitative results (Section 5.2). Notably, even
without class-specific training, pre-training HDMNet on COCO was still
sufficient to learn to segment large structures like bean leaves with as
little as one or five labeled examples provided as support set. After
tailoring the training on weed and crop segmentation for bean and corn
cultivations, HDMNet even surpasses YOLO in performance on the same
dataset. This result emphasizes the importance of domain-specific, tar-
geted training for optimal outcomes, even in the lack of abundant
training examples.

Moreover, our results highlight the difficulty both models face in
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predicting the weed category, regardless of training on the Early or
Refined dataset. As shown in Table 8, curating a more densely annotated
dataset while also maintaining a comparable manual effort in terms of
human hours drastically reduces the total number of labeled images that
can be produced. Reducing the size of the training set, overall, can
negatively impact the performance of the models without introducing
any appreciable improvement on the segmentation of small-sized re-
gions. Consequently, our findings suggest that, when preparing datasets
for training YOLO-based models on a new application domain, one
should prioritize the dataset size over the annotation granularity,
particularly if the application does not specifically focus on small-sized
subjects. This is an important contribution for guiding optimal resource
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allocation in future dataset curation efforts in this field. YOLO models
necessitate extensive human intervention and are subjected to sub-
stantial costs, regardless of whether the dataset is extensive or highly
refined. As indicated by Table 8 data, the process of refining a dataset
notably increases the time required for manual labeling, consequently
elevating the associated operational costs. Specifically, YOLO requires
approximately 180 h for dataset preparation, and this time could in-
crease further depending on the level of detail required.

Conversely, FSS models offers a more efficient alternative, as it
significantly reduces the need for extensive manual labeling, thereby
requiring only a few labeled pictures for the process. This not only
minimizes the allocation of human resources but also eliminates the
dataset preparation and training time altogether. Although FSS may
exhibit slightly lower performance compared to conventional models
like YOLO, its reduced dependency on large labeled datasets results in
significantly lower operational costs. This positions FSS as a cost-
effective approach for image segmentation, particularly in scenarios
where resource optimization and budget constraints are critical
considerations.

The inherent challenges of detecting small weeds with deep learning
models is a known problem in the literature (Lopez-Correa et al., 2022).
However, the clear recognition of small weeds is often times crucial for
farming success and crop yield enhancement (Corceiro et al., 2023).
Indeed, detecting the presence of weeds since their earliest growth
stages enables the application of essential treatments, targeted at
reducing crop competition, at seed reduction and at minimizing herbi-
cide use, thus producing higher yields and longer-term economic ben-
efits. Ideally, autonomous weed control systems should then enable a
prompt intervention on target weeds, and low-cost, small form-factor
robots are especially suited for this task, as emphasized in a few
related works (Wu et al., 2020, Gerhards et al., 2021).

Nonetheless is important to keep in mind that, although the early
identification and treatment of weed is an effective method for ensuring
crop yield, a later control may be preferable or more practical in certain
situations. Weed growth habits, weather conditions and equipment
availability can influence the timing of weed management activities.
These practical constraints can considerably reduce the negative impact
of the inability to detect small weed patches on the overall weed man-
agement process. Therefore, models like those tested in this work,
despite their lower performance on smaller weeds, can still provide a
valuable and cost-effective solution for bootstrapping autonomous
weeding systems in field. This not only lowers labor costs but also en-
ables scaling up labor-intensive crop production areas.

FSS methods like HDMNet are particularly promising candidates for
enabling the shift towards autonomous weeding systems. The minimal
effort required for the adaptation of FSS models, as proven in this paper,
is particularly crucial in the agricultural context, which is characterized
by a high variability due to the presence of diverse crops, weed species,
camera angles, and plant growth stages. The baseline performance
showcased by HDMNet, even with minimal target examples to learn
from, makes these models a compelling alternative to more traditional
approaches like YOLO, which require expensive training procedures to
be updated.

7. Conclusions

In this paper, we have presented a comprehensive analysis of
different YOLO models and the HDMNet model, which at the time of
writing provides the state-of-the-art for FSS on the MS COCO dataset.
Our results show that finely annotated datasets are preferable for precise
small-leaf segmentation, while larger but coarser datasets remain ad-
vantageous when small-leaf detection is less critical. We further
demonstrated that HDMNet can match or surpass YOLO in scenarios
with leaves of substantial object sizes, requiring only one to five labeled
examples and thereby reducing annotation time, considered as human
effort, by orders of magnitude. These findings highlight the potential of
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FSS for agricultural robotics, where frequent re-annotation is needed
due to varying lighting, terrain, and plant species. By enabling rapid
adaptation to new field conditions, FSS models offer a promising path
toward more flexible and cost-effective weed and crop segmentation
systems.

Our experiments on the 2019 and 2023 ACRE datasets, diverse in
regions, species, platforms, and field conditions, captured weed samples
at comparable growth stages. A valuable direction for future work is to
track how segmentation models generalize over time and across
different weed growth stages. Beyond longitudinal monitoring,
expanding the analysis to a broader range of crop and weed species
would further strengthen our understanding of model robustness.
Overall, autonomous weeding remains a multifaceted challenge,
requiring not only advances in perception but also the integration of
broader robotic capabilities to achieve precise and scalable weed control
in real-world agricultural environments.
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