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This paper presents a comprehensive review of recent advancements in intelligent monitoring systems within
the precision viticulture sector. These systems have the potential to make agricultural production more efficient
and ensure the adoption of sustainable practices to increase food production and meet growing global demand
while maintaining high-quality standards. The review examines core components of non-destructive imaging-
based monitoring systems in vineyards, focusing on sensors, tasks, and data processing methodologies. Particular
emphasis is placed on solutions designed for practical, in-field deployment. The analysis revealed that the most
commonly used sensors are RGB cameras and that the most widespread analysis focuses on grape bunches, as
they provide information on both the quality and quantity of the harvest. Regarding the image processing
methods, it emerged that those based on deep learning are the most adopted. In addition, a detailed analysis
highlights the main technical and practical limitations in real-world scenarios, such as the management of com-
putational resources, the need for large datasets, and the difficulties in interpreting the results. The paper con-
cludes with an in-depth discussion of the challenges and open research questions, providing insights into
potential future directions for intelligent monitoring systems in precision viticulture. These include the continued
exploration of sensors to balance ease of use and accuracy, the development of generalizable methods, experi-
mentation in real-world scenarios, and collaboration between experts for practical solutions.
© 2025 The Authors. Publishing services by Elsevier B.V. on behalf of KeAi Communications Co., Ltd. This is an open
access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).
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1. Introduction

In recent years, sustainability, food security, intelligence use of agri-
cultural resources, crop yield optimization, and quality improvement
have been the basis of new agricultural paradigms (Stafford, 2000).
The increasing demand for agriculture production driven by global pop-
ulation growth, the scarcity of resources, like water and fertilizers, and
the need to reduce environmental impact to contrast climate change
are among the key challenges facing the agricultural sector (Gebbers
and Adamchuk, 2010). In response, Precision Agriculture (PA) has
emerged as a crop management strategy that exploits advanced tech-
nologies to ensure food availability, quality and security while maximiz-
ing yields and profits.'
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Precision Viticulture (PV) is a subset of PA, aligning with its core ob-
jective with a focus on the management optimization of vineyards.
These crops are characterized by an irregular spatial distribution, re-
quiring farmers' complex maintenance and monitoring efforts. The or-
ganization in rows and the discontinuous nature of the canopy of vine
plants require a very high resolution of the images to discriminate, for
example, the canopy from the soil (Ammoniaci et al., 2021). Moreover,
the vineyards extend over large areas and include thousands of vines,
each with slightly different characteristics due to variations in soil
(Matese et al., 2015; Arn6 Satorra et al., 2009). This strong heterogene-
ity affects plant growth, grape ripening, and final product quality, re-
quiring more detailed monitoring and targeted interventions than
other crops (Comba et al., 2018; King et al., 2014; Bramley and
Hamilton, 2004 ). Another distinctive aspect of viticulture is the high
value of the final product, where quality and quantity are paramount.
Unlike extensive farming, where the main objective is to increase
yield, viticulture requires more specific management strategies to en-
sure the uniformity and quality of the harvest. Based on this, the appli-
cation of advanced technologies such as Remote Sensing (RS), Robotics,
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Internet of Things (IoT), and Artificial Intelligence (AlI) allows the devel-
opment of customized management strategies in different areas of the
vineyard, enabling resource distribution and cultivation techniques to
be adapted based on the specific needs of each area (Sharma et al.,
2021; Cisternas et al., 2020). For example, remote sensing, through sat-
ellite and unmanned aerial vehicles images, allows to estimate soil nu-
trients and detect vine stress (Loggenberg et al., 2024); robotics
facilitates targeted interventions, such as automated pruning or selec-
tive harvesting of grapes based on their degree of ripeness (Rovira-
Mas and Saiz-Rubio, 2021); Internet of Things (IoT), thanks to sensors
distributed throughout the vineyard, allows real-time monitoring of pa-
rameters such as soil humidity and temperature, improving irrigation
management and reducing waste (Pascoal et al., 2024); finally, the use
of Artificial Intelligence enables the analysis of the data collected to pro-
vide accurate yield information, suggesting optimal intervention strate-
gies (Ferro and Catania, 2023). In general, this technology-driven
approach improves the overall efficiency of production and resource
management. The availability of information facilitates faster and
more informed decision-making, allowing farmers to enhance crop re-
silience. In brief, Precision Viticulture promotes a more sustainable
and responsible approach to vineyard management, with economic, en-
vironmental, and social benefits that align with the needs of modern
agriculture.

Effective target monitoring, which focuses on detecting, tracking,
and analyzing specific objects (e.g. grape bunches, canopy, trunks, and
buds) within a scenario through digital images or videos, is paramount
in the viticultural sector (Diago et al., 2012, 2015). It provides detailed,
real-time information on achieving objectives, allowing intelligent sys-
tems to adapt and respond to changing situations and enhancing the ef-
ficiency and reliability of the operations they support (Hayes-Roth et al.,
1989). In practice, developing monitoring systems for viticulture fo-
cuses on integrating advanced technologies, including sensors for data
collection, data processing systems for managing and pre-processing
the information, and specific analysis algorithms to provide a more in-
depth characterization of the vineyards. Sensors can collect detailed in-
formation on different types of parameters, allowing monitoring of the
yield and health of plants for early identification of problems (Matese
and Di Gennaro, 2015). Processing these raw data ensures the transfor-
mation of the information collected into concrete operational decisions.
Noteworthy is the integration of artificial intelligence algorithms that
analyze and interpret the variation of parameters, allowing more accu-
rate predictions and targeted interventions. Despite promising benefits,
the implementation of these systems has challenges, such as the high
cost of sensors, the complicated setup and use of the system, the need
for specialized personnel, the variability of crops, the reliability of the
measurements provided and the varying environmental conditions
(Marios and Georgiou, 2017).

Several reviews in the scientific literature examine Precision
Viticulture's technological progress. In Martinez-Falcé et al. (2024),
the main objective is to explore the scientific production of automation
in the wine industry, aiming to outline prolific authors, identify coun-
tries where production is concentrated, and analyze key research topics
to highlight areas of greatest interest and guide future research. In
Moreno and Andgjar (2023), an overview of the application of optical
and non-optical sensors in precision viticulture in real fields and labora-
tory conditions is provided. The aspects related to data analysis are ad-
dressed, but the emphasis is mainly on sensor implementation and data
acquisition strategies. In Tardaguila et al. (2021), several applications
using non-invasive digital technologies are discussed, with a focus on
the principles underlying different sensing technologies, including
both remote and proximal sensing methods. In Pai and Thomas
(2021), machine learning, deep learning and image processing tech-
niques are explored for recognizing and stratifying plant leaf diseases.

In contrast to the papers just mentioned, which are either sys-
tematic reviews highlighting recent trends in viticulture research
or focused studies covering specific aspects such as technologies,
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optical/non-optical sensors, and methodologies for disease detec-
tion, this review proposes an in-depth analysis of the whole phases
involved in developing monitoring systems for precision viticul-
ture, from data acquisition to data processing algorithms. In partic-
ular, differently from Tardaguila et al. (2021), the focus is on
proximal acquisition platforms, which are considered the most
promising for vineyards due to both their close position concerning
the target and easy integration into farmer-owned agricultural plat-
forms, enabling detailed data collection essential for discerning spe-
cific vineyard characteristics.

The importance of proximal detection is well highlighted in Moreno
and Anddjar (2023); however, while a wide range of measurement
methods are analyzed in the cited review, the present work focuses ex-
clusively on non-destructive ones. This choice is motivated by the need
to preserve plant integrity, which is essential to ensure sustainable and
continuous monitoring and reduce the intervention of human experts.
The exclusive use of imaging sensors is also an important distinction,
as these sensors can provide detailed visual information to observe
plant conditions directly, such as leaf color and structure, and more
complex indicators related to plant health and vigor. Considering only
field measurements addresses the need to evaluate technologies and
methodologies under real vineyard operating conditions, thus distin-
guishing this approach apart from studies that include laboratory exper-
iments. Particular attention will also be given to the integration of
Artificial Intelligence, with a specific focus on machine learning and
deep learning techniques, which are fundamental to extracting and an-
alyzing complex patterns from visual data captured by sensors. How-
ever, the focus will not be limited to Al-based methodologies but will
also include a comparison with traditional computer vision approaches
(e.g., color-based image segmentation, manual feature extraction, and
threshold-based classification). Differently from what was explored in
Pai and Thomas (2021), several characteristics will be monitored
through these approaches, such as vine varieties recognition, bunches
detection and counting, early disease identification, monitoring of
chemical and physiological parameters, and analysis of structural pa-
rameters. The comparison will be conducted considering key aspects
such as the interpretability of results, computational complexity, and
practical implementation challenges in precision viticulture contexts.
Furthermore, potential limitations of Al, such as the need for large
amounts of data and the high computational cost, will be discussed
compared to more conventional methods, which are often more
straightforward and more interpretable but less flexible in adapting to
complex scenarios.

This review offers a targeted perspective, providing an in-depth
guide on the technologies and methodologies most appropriate for pre-
cision viticulture to develop effective monitoring systems suited to
real-world vineyard conditions.

Based on the above, this review aims to answer the following main
topics:

» Which sensors in proximal acquisition platforms are the most
effective for task-based data collection in vineyards?

» What data processing algorithms are used for plant characterization,
and which of these demonstrate the best results in terms of accuracy
and applicability in vineyards?

* What are the primary challenges (technological, operational, or eco-
nomic) in implementing a non-destructive imaging-based monitoring
system in vineyards, and what strategies exist to address them?

The rest of this paper is organized as follows. In Section 2, the search
strategy is reported. Different applicative tasks are described in
Section 3, focusing on the sensors used and the main requirements
needed for parameter observation. Section 4 describes the main meth-
odologies used for the data processing. A critical discussion is provided
in Section 5 to determine the main points to address in future research,
and in Section 6 final comments are reported.
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2. Article search criteria

This study conducted a bibliographic analysis using the Scopus data-
base, thanks to its broad interdisciplinary coverage and the availability
of advanced bibliographic analysis tools. Keywords were selected
based on a preliminary analysis to ensure wide coverage of relevant lit-
erature and to avoid exclusion of significant studies. The search was
then structured by combining the following keywords: precision viti-
culture, vineyards monitoring, grape monitoring, precision agriculture
grape, precision agriculture vine, viticulture, canopy vineyard monitor-
ing, and grapevine. In detail, the OR operator was used to include syno-
nyms and related terms to broaden the search, while AND was applied
to refine the results, ensuring that all included studies addressed the
key topics of interest. The selection was further refined using criteria
such as publication within the past five years (2019 to 2024), relevance
to computer science and engineering subject areas, and restriction to
English-language papers. This initial search yielded 1144 publications,
categorized into journal papers, conference proceedings, and books. To
refine the large set of articles, specific exclusion criteria were applied:

« Studies conducted in laboratory setting: evaluations in controlled envi-
ronments may limit real field application considering the complex na-
ture of vineyards;

Studies that use non-terrestrial data acquisition platforms: studies based
on aerial or satellite platforms are excluded, as the focus is on proxi-
mal platforms, which offer a more accessible, easily integrated solu-
tion and, due to their proximity to the target, provide more detailed
monitoring;

Studies that employ sensors other than cameras: the analysis focuses on
visual data, as they allow direct and detailed observation of the plant,
facilitating the recognition of phenotypic characteristics, stress symp-
toms, and the analysis of the vegetation structure, offering a highly in-
formative non-invasive method for monitoring vineyards;

Studies not exclusively focused on vineyards: studies that analyze differ-
ent crops or consider vineyards only marginally within a broader anal-
ysis are excluded. This choice ensures that the results are relevant to
the wine sector, avoiding generalizations that may not be applicable
to this specific crop;

Studies that utilize destructive measurement method: studies involving
sampling or plant alteration are excluded because the goal is to
adopt sustainable, non-invasive and repeatable monitoring tech-
niques over time.

Following this screening process, which involved reading abstracts
and full texts to ensure compliance with the defined exclusion criteria,
84 articles were selected for further analysis, including journal articles,
conference proceedings, and review articles. In addition, duplicate stud-
ies by the same authors, such as conference papers that are expanded
into journal papers, are considered only once, selecting the most com-
prehensive version. Only journal papers and conference proceedings
will be considered for the subsequent analysis, as the review articles
have already been addressed in Section 1. The review articles provided
a foundation for guiding the selection of the studies and refining the
search criteria to ensure a more targeted coverage of less explored as-
pects. After a detailed reading and analysis of each of the remaining pa-
pers, a categorization was made based on the content that emerged
from the studies, ensuring a representative classification of the diversity
of approaches found in the literature reviewed. In detail, the main tasks
concern the analysis of grape bunches, canopy, agronomic parameters,
leaf diseases, and structural elements.

3. Monitoring tasks
The analysis of the selected papers revealed that the design and de-

velopment of monitoring systems for precision viticulture involves dif-
ferent aspects that can be summarized by examining three principal
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points (Fig. 1): sensors, tasks, and methods. These points cover the
most critical components, from choosing the most suitable sensors to
the most common tasks that interest the viticulture community and
the data processing methods.

Regarding data collection, as stated in Section 2, the focus is on
proximal acquisition platforms equipped with imaging sensors, as vi-
sual data are particularly useful to promptly identify signs of stress or
disease and monitor plant development over time without invasive
interventions. The platforms can vary depending on application
needs and operational constraints. For example, cameras can be
fixed on tripods for static analysis of specific areas, mounted on agri-
cultural machinery, such as tractors, trimming and pruning machines,
for large-scale operations, integrated into autonomous robots for con-
tinuous monitoring, or used manually by operators for targeted appli-
cations. The literature review showed that commonly used sensors
include RGB (Red, Green, Blue), RGB-D (Red, Green, Blue, Depth),
hyperspectral, and multispectral cameras, each characterized by dif-
ferent resolutions, applicability conditions, and costs. RGB cameras
collect images with three channels (red, green, and blue), represent-
ing scenes in two dimensions (2D). These devices include both con-
ventional digital cameras and those integrated into smartphones
and are used to capture standard RGB images. They are ideal for
basic visual analysis, such as counting bunches of grapes or identifying
different grape varieties (Ifiiguez et al., 2024; Rancon et al., 2023;
Strothmann et al., 2019; Hacking et al., 2019; Carneiro et al., 2023;
Carneiro et al., 2022b; Pereira et al.,, 2019), but are affected, for exam-
ple, by lighting conditions. Other types of RGB cameras are those with-
out an infrared (IR) filter, which can capture a wider range of
wavelengths than a standard camera, covering both the visible and
part of the near-infrared (NIR) spectrum. This feature can enhance
the performance of the RGB camera by improving visibility in low
light conditions (Mendes et al., 2019). RGB-D sensors combine the
three color channels with an additional depth channel, which pro-
vides metric information about the distance between the camera
and various points in the scene. In this way, three-dimensional (3D)
images are generated, in which each pixel is associated not only
with a color value but also with a spatial coordinate within a three-
dimensional volume. These images can be used to create depth
maps, detailed 3D models, and spatial representations that enable to
perform advanced analyses, such as estimating the weight of bunches
or volumetric analysis of the canopy, as in Olenskyj et al. (2022);
Barbole and Jadhav (2024); Bono et al. (2024); Milella et al. (2019).
Hyperspectral sensors, although more expensive and complex, repre-
sent a high-precision solution for acquiring detailed spectral data. Un-
like RGB and RGB-D sensors, which capture only three visible bands,
hyperspectral sensors acquire images in hundreds of contiguous spec-
tral bands, covering a large portion of the electromagnetic spectrum,
from visible to infrared. This high spectral resolution allows the detec-
tion of subtle changes in the reflectance patterns of materials,
allowing the extraction of highly detailed information. By detecting
even small changes in spectral signals, these sensors enable in-depth
analyses, for example, the early identification of diseases and the
monitoring of biophysical parameters, as demonstrated in Bertoglio
et al. (2024); Swe and Noguchi (2024); Kang et al. (2023);
Maimaitiyiming et al. (2020). In the end, multispectral sensors,
while less detailed than hyperspectral sensors, offer a compromise be-
tween cost, simplicity and acquisition speed. These devices capture in-
formation in discrete bands within the visible and near-infrared
regions of the electromagnetic spectrum. Unlike hyperspectral sen-
sors, which acquire hundreds of contiguous bands, multispectral de-
vices operate with lower spectral resolution, making it more difficult
to distinguish between surfaces with similar spectral signatures.
However, this characteristic makes them more practical from an oper-
ational point of view: having fewer bands to process, they produce
more immediately usable data and require fewer computational re-
sources (Beniaouf et al., 2022). In contrast, hyperspectral sensors
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Fig. 1. Relation between sensors, tasks and data processing methods used for monitoring systems in viticulture, emerged from the literature review.

require more advanced algorithms (e.g. Partial Least Squares (PLS) re-
gression) to manage and analyze the numerous acquired bands, in-
creasing the complexity of the processing process.

The choice of sensor and acquisition platform is closely related to ap-
plication tasks, such as canopy monitoring, yield estimation, disease de-
tection, fruit quality assessment, nutritional or water deficits, cultivar
identification, pruning wood mass, and trunk diameter. Furthermore,
practical constraints must be considered, including sensor cost, data col-
lection complexity, and environmental conditions in which they must
operate. As a matter of fact, hyperspectral sensors, known for their abil-
ity to provide detailed information, are ideal for advanced research ap-
plications or high-value vineyards, where the investment is justified by
the high precision required. Differently, RGB sensors, which are cheaper
and easy to use, represent a practical solution for large-scale monitor-
ing, where efficiency and operational simplicity are priorities. To sum
up, the success of implementing a monitoring system depends on the
ability to balance application needs with technical and economic
constraints.

In the following subsections, the papers examined will be divided
according to the specific task, that is the analysis of the grape bunch,
canopy, leaf diseases, structural elements and agronomic parameters,
addressing both the sensors and methodological aspects.

3.1. Grape bunch analysis

Yield estimation is a central activity in the wine sector, where
winemakers need to achieve an optimal balance between quantity
and production quality. Traditional methodologies, based on destructive
sampling of bunches and manual counting of berries, are laborious,
time-consuming and inadequate in capturing the variability present
within a vineyard (Campos et al., 2021). These aspects are a limitation
in representing crops' spatial and phenotypic complexity, reducing the
yield estimation's accuracy (Nuske et al., 2011). In detail, spatial com-
plexity derives from the wide extension of vineyards, which determines
a heterogeneous distribution of plants within the cultivated area. This
variability is influenced by environmental factors, such as soil composi-
tion, terrain slope, and exposure to sunlight. Phenotypic complexity, on
the other hand, concerns the morphological and physiological differ-
ences between plants, leading to variations in bunch size, canopy den-
sity, and grape ripening. These factors directly influence the growth
and productivity of vine plants, as variations in soil composition, expo-
sure to sunlight, and plant genetics can generate significant differences
in yield. In this context, by adopting new technologies, it is possible to
monitor crops with higher accuracy and collect detailed data in a
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rapid and non-invasive way (Zhou, 2022). The literature analysis
showed that most of the work explores this aspect, trying to provide in-
formation on the bunch that represents the heart of production.
Through images collected by various types of sensors, the structure of
the bunch, the number of berries, their average weight, and their health
status are analyzed. The main techniques for grape bunches analysis fall
into three categories: detection, segmentation, and a combination of the
two. Detection aims to identify the presence and position of bunches
within an image, usually by using algorithms that detect and delineate
regions of interest with bounding boxes. Segmentation, on the other
hand, aims to separate bunches from the other elements present in
the image by assigning a label to each pixel, indicating whether it be-
longs to a bunch or not. Finally, some techniques combine detection
and segmentation, allowing not only the identification of the position
of the bunches but also the accurate segmentation of them within the
detected area. In the following, we will discuss and divide the works ac-
cording to the primary technique used to analyze the bunches.

3.1.1. Grape detection

Object detection is a key task in wine yield estimation that focuses
on accurately identifying grape bunches or berries in images. This activ-
ity enables the localization of grape bunches (Fig. 2)and constitutes the
first step for more advanced analyses, such as berry counting or weight
grapes estimation, thus contributing to precise and non-invasive vine-
yard monitoring.

Among the works in literature, as reported in Table 1, some focus on
comparing architectures used for detection. In Kumar and Kumar
(2024) and Woodson and Zhang (2023), a public dataset (Embrapa
WGISD (Santos et al., 2020)) of RGB images is used considering different
types of architecture, including both unsupervised (e.g., Bootstrap Your
Own Latent (BYOL) (Grill et al.,, 2020)) and supervised methods
(e.g., YOLO (Redmon et al., 2016) in its different versions, Faster
R-CNN (Ren et al.,, 2015), and ResNet-50 FPN (He et al., 2016; Lin
et al.,, 2017)). Important in these types of studies is the dataset, as
shown in Ghiani et al. (2021), where a comparison of the performance
of a Mask R-CNN (He et al., 2017) model is conducted using two differ-
ent datasets: the public GrapeCS-ML dataset (Seng et al., 2018) and an
in-field acquired dataset. In detail, the GrapeCS-ML dataset is used to
train the system. Performance is then evaluated on a portion of the pub-
lic dataset not included in the training, achieving a mean average preci-
sion (mAP) of 92.78 %, and on a separate internal dataset, reaching a
mAP of 89.90 %.

Starting from these analyses, which are useful for model selection,
the focus shifts to more specific tasks such as counting one, which is
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Fig. 2. An example of grape detection from (Schieck et al.,, 2023).

relatively simple for non-clustered fruits like strawberries and apples
but becomes more complex for grapes, which come in clusters of
many berries. Additionally, detection is challenging due to occlusions,
such as those caused by leaves. Counting can be performed at the cluster
level, as demonstrated in [fiiguez et al. (2024), where an RGB camera
mounted on a tripod is used to count the bunches as a whole, applying
deep learning models (YOLOv4 (Bochkovskiy et al., 2020)) for detec-
tion. Counting individual berries is even more challenging, as in
Rancon et al. (2023), where deep learning models (Convolutional
Neural Network CNN) are combined with more traditional methods,
such as the radial Hough transform, to detect spherical shapes using
RGB images acquired from a moving vehicle. The counting of bunches
and grapes can be performed simultaneously, as proposed in Yang
et al. (2024), where the U-Net (Ronneberger et al., 2015) neural net-
work is used to generate probability maps using both data from public
datasets (Embrapa WGISD (Santos et al., 2020)) and images collected
directly in the field. This approach achieves high accuracy, with an aver-
age precision (AP) of 0.851 for bunch localization and a mean absolute
error (MAE) of 23.414 for grape counting.

Another challenging task is estimating the weight of grapes
which allows to accurately predict yield and plan harvests, improv-
ing the efficiency and overall profitability of wine production. An
approach to achieve this goal is proposed in Sneha et al. (2024)
and Silver and Monga (2019), where cluster detection and counting
are performed using Convolutional Neural Network (CNN) architec-
tures applied to RGB images. Regarding the detection precision, a
value of 90.62 % is achieved in the first case, while in the second
case it is 90 %. Then, in both cases, the total grape weight (kg/
area) is estimated by multiplying the bunch count by a standard av-
erage weight per bunch. An innovative alternative is proposed in
(Olenskyj et al., 2022), where the weight is estimated directly
from images through end-to-end deep learning models without in-
termediate steps such as counting the bunches. This eliminates the
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need for manual labelling using convolutional regression (CNN) or
transformer models that learn a direct mapping between images
and the total yield, expressed in units of metric tons per hectare
(t/ha).

Grape maturity detection is an important research field, as it helps to
determine the optimal time for harvesting grapes for wine production.
In Badeka et al. (2023), in Zheng et al. (2024), and in Schieck et al.
(2023), an approach for maturity estimation is proposed using images
by RGB cameras over several weeks to monitor grape growth. Various
neural network architectures were evaluated, including YOLO and its
extensions, DenseNet (Huang et al., 2017), ResNet, InceptionV3
(Szegedy et al., 2016), and Diffusion-CNN (DCNN) (Atwood and
Towsley, 2016). In detail, in Badeka et al. (2023) a Mean Average Preci-
sion (mAP) of 83.5 % with YOLOvV7-TINY (Wang et al., 2023) is obtained;
in (Zheng et al., 2024) the Modified DCNN model achieved the highest
training accuracy of 97.35 % compared to other approaches including
K-nearest neighbors (KNN), multinomial logistic regression (MLR), sup-
port vector machines (SVM) and random forests (RF); finally in Schieck
et al. (2023) the ResNet architecture provides the best results with an
average accuracy of 88.1 %.

Finally, the problem of defective grapes detection is investigated. In
Bomer et al. (2020) and in Kalampokas et al. (2022), RGB images col-
lected in-field are used with CNN-based models, such as Mask R-CNN
with a MobileNetV2 (Sandler et al., 2018) backbone and LeNet (Lecun
etal., 1998), to detect infected grape bunches. Specifically, in the second
work, after detection, morphological, color, and texture features are ex-
tracted from the segmented berries using the Wavelet Coefficient
method and Local Binary Patterns (LBPs) in the CIELAB color space.
Sequential feature selection is then performed to identify the optimal
subset of features used to train a Random Forest (RF) classifier to classify
the grape berries as healthy or defective. Instead, in Strothmann et al.
(2019), an all-convolutional autoencoder (all-CAE) (Springenberg
et al,, 2014), which combines convolutions with the architecture of an
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Overview of studies employing grape detection techniques, highlighting the specific goal, the datasets used, and the methods for data collection and processing.

Grape Detection

Authors Goal Dataset Sensor Methods
(Iiiiguez Grapes counting In-field RGB camera (Canon EOS 5D Mark YOLOv4
et al.,, 2024) IV) on tripod
(Yangetal,  Grape-berry counting and Embrapa WGISD public RGB camera (No specified) U-Net with ResNet50, probability maps, post-processing (local
2024) berry-per-grape-cluster dataset (Santos et al., 2020) peak, Up-Hill, Down-Hill methods)
counting and in-field
(Zheng et al., Growth monitoring In-field RGB camera (SONY Alpha 7R IV) on  K-nearest neighbors, Multinomial Logistic Regression, Support
2024) tractor Vector Machines, Random Forests, CNN
(Snehaetal, Weight of grapes In-field RGB camera (No specified) YOLOv3, YOLOv4, YOLOv5
2024)
(Kumar and  Models comparison Embrapa WGISD public RGB camera (Canon EOS REBELT3i  YOLOv8m and YOLO-NAS1
Kumar, dataset (Santos et al., 2020) DSLR) and smartphone camera
2024) (Motorola Z2 Play)
(Rangon Berry counting In-field RGB Camera (Basler Ace Hough transform and CNN
etal., 2023) acA2440-20gc) on a vehicle
(Woodson Models comparison Embrapa WGISD public RGB camera (Canon EOS REBELT3i  BYOL, Faster R-CNN with ResNet-50 FPN
and Zhang, dataset (Santos et al., 2020) DSLR) and smartphone camera
2023) (Motorola Z2 Play)
(Olenskyj Grapes counting In-field RGB-D camera (RealSense D435i) YOLOvV5, ResNet18, Vision Transformer
etal, 2022) on a vehicle
(Ghiani et al, Models comparison GrapeCS-ML public dataset RGB camera (No specified) Mask R-CNN
2021) (Seng et al., 2018) and
in-field
(Strothmann  Healthy status of berries  In-field RGB camera (Canon EOS 70D) all-convolutional autoencoder
etal, 2019)
(Silver and Weight of grapes In-field Hand-held smartphone camera CNN
Monga, (Samsung Galaxy S3)
2019)
(Schieck Growth monitoring In-field RGB camera (blink outdoor) at fixed YOLOv4, DenseNet, ResNet, InceptionV3
etal, 2023) distance
(Badeka Growth monitoring In-field RGB camera (Samsung NX500) at YOLOv7
etal, 2023) fixed distance
(Kalampokas Defected grapes In-field RGB-D camera (ZED Mini) Mask R-CNN with MobileNetV2, Wavelet Coefficient method,
et al,, 2022) Local Binary Patterns in CIELAB color space, Sequential feature
selection, Random Forest
(Bomer et al., Defected grapes In-field RGB camera LeNet
2020)

autoencoder (AE), is employed to detect defective grapes starting from
RGB images.

3.1.2. Grape segmentation

Image segmentation is a challenging task used to separate an image
into constituent parts based on some attributes by assigning labels to
pixels. There are two types of segmentation: semantic and instance seg-
mentation. The first one performs pixel-level labelling with a set of ob-
ject categories for all image pixels and all the objects that belong to the
same class share the label. For example, in a vineyard, with this ap-
proach, it is possible to identify all the leaves and bunches in the
image without separating individual elements belonging to the same
class (Fig. 3). On the other hand, instance segmentation extends the
scope of semantic segmentation by detecting each object of interest in
the image. This second approach, for example, would allow not only
to identify bunches but also to differentiate them from each other,
assigning a unique label to each bunch present in the image.

In the context of agriculture, segmentation is widely used, as shown
in Table 2, and allows farmers to analyze crop images and identify spe-
cific objects within those images with high accuracy. For example, in
Marani et al. (2021) is presented a method for automatic grape segmen-
tation from RGB images collected with a consumer-grade RGB-D camera
mounted on a mobile agricultural machine, i.e. the commercial Niko cat-
erpillar, during the vehicle's routine activity. Four pre-trained deep neu-
ral networks, namely the AlexNet, the GoogLeNet, the VGG16, and the
VGG19, are compared, with VGG19 achieving the best performance,
reaching a segmentation accuracy of 80.58 %. Also other works focus
on the comparison of models used for grape segmentation. In Cecotti
et al. (2020), a methodology is proposed to segment images acquired
in the field with a smartphone camera using different pre-trained
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CNNs such as ResNet, VGG (Simonyan and Zisserman, 2014), and
DenseNet. The ResNet50 and ResNet101 models showed the best per-
formance in terms of accuracy, reaching the value of 99 %. Also in
Mohimont et al. (2021), a survey of deep learning methods is proposed
(such as U-Net with different backbones, including ResNet-34, VGG-16,
MobileNetV2 and PSPNet (Zhao et al., 2017)) that are compared with
traditional machine learning techniques considering five distinct
datasets, including a public dataset (Berenstein et al., 2010) and others
collected in-field with different cameras. The results showed that classi-
cal algorithms have limited performance compared to deep methods. In
terms of Recall, Precision, F1, and IoU, U-Net with ResNet34 shows the
best performance on the public dataset, while U-Net with VGG-16
showed the best result on the dataset acquired in the field.

Segmentation can be used as an initial step for more in-depth anal-
ysis, such as the bunch weight estimation in Barbole and Jadhav
(2024) and Hacking et al. (2019). In the first one, an approach combin-
ing a modified U-Net for segmentation with regression models to esti-
mate bunch weight is proposed, comparing 2D and 3D methodologies.
Instead, in the second one, 2D and 3D techniques are compared to assess
the area and volume of the bunch in different laboratory and field con-
ditions, demonstrating that 3D images offer advantages in terms of pre-
cision in controlled contexts.

Counting grapes and berries is one of the most studied tasks. In some
works, such as those of Zabawa et al. (2022) and Kierdorf et al. (2022),
the images are acquired through a mobile Phenotyping platform called
Phenoliner, equipped with several sensors. For processing, advanced
deep-learning models are employed. In both cases, an encoder-
decoder architecture was used with MobileNetV2 as backbone and
DeepLabV3 (Chen et al., 2017) as decoder to segment the visible grapes.
In addition, in Kierdorf et al. (2022), a Generative Adversarial Network
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Berry center

Berry contour

(b)

Fig. 3. An example of individual berry segmentation (a) from (Palacios et al., 2022) RGB camera with an external lighting system is proposed, and an example of grapes bunch segmen-
tation (b) from (Mohimont et al., 2021) is illustrated. In both studies, images are acquired with an RGB camera but under different lighting conditions. In the first case, the images are
captured at night using an external artificial lighting system. In contrast, in the second case, the images are captured during the day using only natural light.

(cGAN) (Mirza and Osindero, 2014) based on the Pix2Pix framework is (SAM) (Kirillov et al., 2023) is used in a preliminary phase to segment
also used to address the problem of occlusions caused by leaves. In the berries and estimate their radii, starting from a public dataset
Botturi et al. (2023), a deep model based on VGG-19 is proposed, (Embrapa WGISD (Santos et al., 2020)). Finally, in Palacios et al.
which generates two density maps: one for counting berries and the (2022), an approach is proposed to estimate the number of berries
other to estimate their average radius. The Segment Anything Model using images collected during the night by an RGB camera with an

Table 2
Overview of studies employing grape segmentation techniques, highlighting the specific goal, the datasets used, and the methods for data collection and processing.

Grape Segmentation

Authors Goal Dataset Sensor Methods
(Barbole and ~ Weight of GrapesNet public dataset RGB-D camera (Intel RealSense D435i) ona  Modified U-Net, Keras Regression Model, Linear Regressor, Ridge
Jadhav, 2024) grapes (Barbole and Jadhav, 2023) tripod Regressor, Bayesian Ridge, Decision Tree and Random Forest
(Botturi et al., Berry Embrapa WGISD public RGB camera (Canon EOS REBEL T3i DSLR) Segment Anything Model and Customized Neural Network based
2023) counting dataset (Santos et al., 2020) on VGG-19
(Zabawa Berry In-field Four RGB cameras (DALSA Genie Encoder-Decoder architecture with MobilentV2 and DeepLabV3 -+
etal,, 2022) counting NanoC2590) on Phenotyping platform

(Phenoliner)
(Palacios Berry and In-field RGB camera (Canon EOS 5D Mark IV) on SegNet, linear model regressor, support vector regression and
etal, 2022) Grape moving vehicle random forest

counting

(Kierdorf Berry In-field and synthetic data ~ Four RGB cameras (DALSA Genie Generative Adversarial Network and CNN with MobilenetV2 and
etal, 2022) counting NanoC2590) on Phenotyping platform DeepLabV3+

(Phenoliner)
(Mohimont Model Public dataset (Berenstein ~ Three RGB cameras (Nikon D7200, Samsung Support vector machines, AdaBoost, Bayesian Classifier, Multilayer
etal, 2021) comparison et al., 2010) and in-field DV 150F, and Sony DSC-W310) perception, U-Net, PSPNet and CNN
(Cecotti et al., Model In-field Smartphone camera (iPhone 8) ResNet, VGG, and DenseNet
2020) comparison
(Hacking Weight of In-field RGB camera and RGB-D camera (Kinect V1)  Color segmentation and 3D reconstruction (Poisson algorithm)
etal, 2019) grapes
(Marani et al., Model In-field RGB-D camera (Intel RealSense R200) on AlexNet, GoogLeNet, VGG16, and VGG19
2021) comparison moving vehicle
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external lighting system. Night imaging ensures homogeneous illumi-
nation and reduces the visibility of background rows, facilitating the
segmentation of the vine under examination. The SegNet
(Badrinarayanan et al., 2017) model is used to segment different classes
(gap, leaf abaxial, leaf adaxial, shoot, trunk, and cluster), achieving an
average accuracy across all classes of 76.9 %. Then, machine learning re-
gression models (including Linear Model (LM), Support Vector Regres-
sion (SVR), and Random Forest (RF)) are used to predict the actual
number of berries. The best results are obtained with SVR,
outperforming the other models with a Normalized Root Mean Squared
Error (NRMSE) of 24.99 %. The whole framework is highly dependent on
the illumination conditions, in fact the models would fail to segment im-
ages acquired during the day.

3.1.3. Detection and segmentation

Combining detection and segmentation, as shown in Table 3, can
solve complex problems more effectively than using either technique
alone, as detection helps localize the object, while segmentation accu-
rately defines its shape and contours, improving the overall quality of
the analysis, as shown in Fig. 4.

In Ciarfuglia et al. (2023), an approach is proposed to detect, seg-
ment, and track table grape bunches using semi-supervised techniques.
The approach combines detection with YOLOvV5 (Jocher et al., 2022) for
precise bunch localization and segmentation with Mask R-CNN for de-
tailed grape-level discrimination. For tracking, two complementary ap-
proaches are adopted: Structure from Motion (SfM), which uses images
extracted from videos as multi-view input to establish geometric corre-
spondences and improve detection through pseudo-label generation,
and DeepSORT, which tracks bunches across frames while maintaining
temporal coherence. In addition, the use of video not only preserves
the spatial and temporal continuity of the vineyard but also improves
the robustness of detection in real-world scenarios by addressing issues
such as illumination variations, partial occlusion, and camera move-
ment. In Shen et al. (2022), a methodology is proposed to identify
veraison using RGB images collected in field environments. Specifically,
semantic segmentation with PSPNet was employed to remove the back-
ground, while detection and instance segmentation were utilized to ex-
tract individual grape berries. Detection was achieved through the
Region Proposal Network (RPN) of Mask R-CNN with different back-
bones (ResNet50-FPN, ResNet101-FPN, and ResNeXt101-FPN (Xie
et al,, 2017)), which generates bounding boxes around candidate ob-
jects, and instance segmentation refined these results by producing
pixel-level masks for each detected berry. The network with the
ResNet50-FPN backbone is the best, achieving an Average Precision of
81.53 %. In Palacios et al. (2019) proposes a non-invasive method for
grape compactness using semantic segmentation to classify pixels into

Table 3
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Fig. 4. An example of the combination of segmentation and detection from (Ciarfuglia
etal, 2023).

seven categories (grape, rachis, trunk, shoot, leaf, space, and trellis)
using multinomial logistic regression based on color features. Compared
to deep learning-based segmentation methods, this approach is more
interpretable and less dependent on the large amount of annotated
data since it directly calculates the probability that a pixel belongs to a
particular class based on its color features. Next, cluster candidates are
detected using a bag-of-visual-words (BoVW) model, which encodes
local image features as a collection of clustered visual patterns com-
bined with a Support Vector Machine (SVM). Finally, morphological
and geometric features, such as cluster width, berry-to-rachis ratio,
and convex hull area, are extracted to estimate compactness. Even
tasks, such as counting and estimating the weight of grapes and berries,
benefit from the combination of detection and segmentation. In
Ahmedt-Aristizabal et al. (2024), a system that integrates detection,
segmentation, tracking, counting and estimation of the weight of grapes
is proposed, using Mask R-CNN with Swin Transformer (Liu et al., 2021)
for detection and segmentation, DeepSORT (Wojke et al., 2017) and
KSP-Siamese (Leal-Taixé et al., 2016) Networks for tracking, density
maps for counting grapes and a regression model for estimating weight.
In Liu et al. (2020), a 3D reconstruction algorithm for counting grapes is

Overview of studies employing both grape detection and segmentation techniques, highlighting the specific goal, the datasets used, and the methods for data collection and processing.

Grape Detection and Segmentation

Methods

RGB camera (Blackmagic camera)
on moving vehicle

Smartphone camera (MotoG8

RGB camera (SONY ILCE-5100 L)

Mask R-CNN with Swin Transformer, DeepSORT, K-Shortest Path
Siamese Network, density maps and a regression model

YOLOvV5, Mask R-CNN, Structure from Motion and DeepSORT
PSPNet, Mask R-CNN with ResNet50-FPN, ResNet101-FPN, and

ResNeXt101-FPN, HSV color space analysis
Mask R-CNN, YOLO, 3D Structure from Motion

Authors Goal Dataset Sensor
(Ahmedt-Aristizabal ~Weight of Embrapa WGISD public dataset
et al.,, 2024) grapes ((Santos et al., 2020)) and
in-field
(Ciarfuglia et al., Models Public dataset Embrapa WGISD
2023) comparison ((Santos et al., 2020)) and Plus)
in-field
(Shen et al., 2022) Growth In-field
monitoring
(Santos et al., 2020)  Bunch Embrapa WGISD public dataset
counting ((Santos et al., 2020))

RGB and smartphone cameras
(Canon EOS REBEL T3i and
Motorola Z2)

Smartphone cameras (iPhone,

RGB camera (Sony «711) on

(Liu et al., 2020) Berry counting In-field
Google Nexus 5x%, LG G3)
(Palacios et al., Grape In-field
2019) compactness moving vehicle
estimation

Color segmentation, Hough transform, 3D reconstruction

Multinomial Logistic Regression based on color features, Bag of
Visual Words, Support Vector Machine and Gaussian Process
Regression
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presented by segmenting the regions of interest based on color. Visible
berries are detected via edge extraction and Hough transform, while oc-
cluded berries are estimated via iterative adjustments along the z-axis.
Finally, in Santos et al. (2020), a deep neural network approach is pro-
posed to detect, segment, and track clusters using a public dataset. In-
stance segmentation via Mask R-CNN is combined with YOLOv2
(Redmon and Farhadi, 2017) and YOLOv3 (Redmon and Farhadi,
2018) for cluster detection, while 3D spatial registration via Structure-
from-Motion (SfM) avoids duplicates and improves accuracy in case of
occlusions.

3.1.4. Final remarks on grape bunch analysis

Grape bunch analysis is a key activity because its management al-
lows to achieve a balance between quantity and quality of produc-
tion. Based on the literature analysis, the most used techniques are
based on detection and segmentation, because the first allows to es-
timate the number and distribution of bunches. At the same time, the
second provides more detailed information also on the structure of
the bunch and the characteristics of the berries. For this study, re-
searchers have mainly used RGB and, in some cases, RGB-D cameras.
However, there are challenges related to training on limited
datasets, which can affect the generalization capability of the
models, and image quality, which can be affected by occlusions,
overlaps, and variations in lighting. Furthermore, it has emerged
that the use of sophisticated models, such as DL models, can be ad-
vantageous as they allow for a more accurate distinction of details
in images, even under challenging conditions.

3.2. Canopy analysis

The canopy of grapevines plays a fundamental role in the plant's
growth cycle. This is where photosynthesis and gas exchange with
the environment take place. The leaves, thanks to chlorophyll, absorb
light energy, transforming carbon dioxide and water into sugars and
oxygen. The sugars regulate the plant's metabolism, while the oxygen
is released into the environment. These processes determine the
quantity of nutrients available for the development of the plants,
influencing the yield and quality of the bunches (Dobrowski et al.,
2002).

Given the importance of the canopy, several studies have focused on
its analysis, as shown in Table 4. In detail, canopy segmentation (Fig. 5)
is an essential process to analyze and manage the leaf mass effectively.
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For example, in Casado-Garcia et al. (2024) is proposed an approach
comparing four deep learning models (U-Net++ with ResNet50 as
the backbone, DeepLabV3+ with ResNext50 as the backbone, and
Manet (Li et al., 2022) with Efficient-NetB3 (Tan and Le, 2019) and
ResNest50 as backbones) for segmenting canopy and grape bunches
in RGB and RGB-D images to demonstrate the benefits of also working
with depth information. The results of the RGB-D models are better
than that of their RGB counterparts, improving up to 1.83 % the mean
segmentation accuracy of all the classes. Similarly, in Romeo et al.
(2023) is investigated a system where a Machine Learning classifier
(Decision tree) is combined with a Deep Learning model (DeepLabV3
+ with ResNet50 as backbone), aiming to exploit both RGB and depth
data for obtaining a correct semantic segmentation of vineyard using
natural images acquired with a low-cost RGB-D camera. In other
works, such as Abdelghafour et al. (2019), segmentation is performed
in HSV color space to eliminate the background. Then, to describe the
canopy structure in different phenological stages, color information is
combined with texture information using a Local Structure Tensor
(LST), and each pixel is classified using a Bayesian approach, which as-
signs the class (leaves, stems, clusters, leaf edges).

Segmentation can be used as a starting point to perform more spe-
cific analyses, such as the estimation of the canopy height and volume.
In Kateris et al. (2021), a new technique is proposed to provide canopy
height-based maps using an RGB-D camera mounted on an autono-
mously navigating robotic platform. Regarding the volume, in Bono
etal. (2024), an approach is proposed using images acquired in a vine-
yard with an RGB-D camera. Semantic image segmentation is imple-
mented using three encoder-decoder deep architectures (U-Net,
DeepLabV3+, and MANet) to produce accurate masks of the vine leaf
structure and by combining the resulting segmented masks with the
3D information to estimate potential volume changes. The DeepLabV3
+ network with ResNeXt50 backbone provided the best estimate of re-
moved biomass, achieving 90.25 % accuracy on the test set and requiring
the shortest training time. Also, in Milella et al. (2019) methods for can-
opy volume estimation are developed using natural images collected
with a depth camera mounted on-board an agricultural vehicle. First, a
dense 3D map of the grapevine row, augmented with its color appear-
ance, is generated based on infrared stereo reconstruction. Then, differ-
ent computational geometry methods (3D Occupancy Grid, Convex
Hull, Oriented bounding box, and Axis-aligned minimum bounding
box) are applied and evaluated for plant-per-plant volume estimation.
Moreover, four deep learning frameworks (AlexNet, VGG16, VGG19,

Table 4
Overview of studies based on canopy analysis, highlighting the specific goal, the datasets used, and the methods for data collection and processing.
Canopy
Authors Goal Dataset Sensor Methods
(Casado-Garcia Canopy In-field RBG-D camera (Intel Realsense D435) mounted on a moving robot U-Net++ with ResNet50, DeepLabV3+ with
et al., 2024) segmentation ResNext50, and Manet with Efficient-NetB3 and
ResNest50
(Bono et al., Volume In-field RGB-D camera (Microsoft Azure Kinect) on a tripod U-Net, DeepLabV3+ and MANet with ResNet50 and
2024) estimation ResNeXt50, 3D processing

(Carneiro et al., Identification of

In-field RGB and smartphone cameras (Canon EOS 600D, iPhone 11 and 12,

U-Net and EfficientNetV2S

Decision Tree and DeepLabV3+ with ResNet50

2023) grape varieties Microsoft Surface Go 2, Samsung Galaxy S7 and Table S6)
(Romeo etal.,  Canopy In-field RGB-D camera (Intel RealSense D435) on a tripod
2023) segmentation

(Carneiro et al., Identification of In-field RGB and smartphone cameras

Xception

U-Net with ResNet50 and EfficientNetB3, SegNet and
Xception
3D processing

Color segmentation, Local Structure Tensor and
Bayesian decision process
3D processing, AlexNet, VGG16, VGG19 and GoogLeNet

2022a) grape varieties

(Carneiro et al., Identification of  In-field RGB camera (Canon EOS 600D)

2022b) grape varieties

(Kateris et al.,  Canopy height In-field RGB-D stereo camera (ZED 2) on a robotic platform
2021)

(Pereira et al.,  Identification of  In-field RGB camera and smartphone (CANON EOS 600D and HUAWEI P8 lite) AlexNet
2019) grape varieties

(Abdelghafour  Canopy In-field RGB camera (Basler Ace) on a tractor

etal, 2019) characterization

(Milellaetal,  Volume In-field RGB-D camera (Intel RealSense R200) on vehicle
2019) estimation
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Fig. 5. An example of individual leaf segmentation from (Carneiro et al., 2023) is illustrated.

and GoogLeNet (Szegedy et al., 2015)) are implemented and compared
to segment bunches. The maximum accuracy of 91.52 %, is obtained by
the VGG19 architecture.

Finally, observing the canopy makes it possible to distinguish dif-
ferent grape varieties. The process is based on analyzing images of
vine leaves, focusing on distinctive characteristics such as shape, mor-
phology of the edges, structure of the veins, color, and surface texture.
In Pereira et al. (2019), transfer learning and fine-tuning techniques
based on the AlexNet architecture are implemented using natural im-
ages captured in different geographical locations and harvest seasons.
In Carneiro et al. (2023), an approach using leaf-centered images and
Deep Learning models is proposed. Specifically, U-Net is employed for
segmentation, and EfficientNetV2S is used for classification. In detail,
the framework involves segmenting the images with U-Net to remove
the background. For the feature extraction part, the EfficientNetV2S
classification model learns details such as leaf shape, vein placement
and pigmentation to associate each image with one of the grape vari-
eties. Similarly, in Carneiro et al. (2022b), an approach is proposed to
classify 12 grape varieties using different layers' configurations in
fine-tuning the Xception model (Chollet, 2017). Xception is chosen
for its architecture based on Depthwise Separable Convolutions,
which improves computational efficiency without compromising ac-
curacy. In Carneiro et al. (2022a), a study is presented that analyzes
the impact of applying segmentation, using models such as U-Net
and SegNet, as a pre-processing step to remove background regions
from images before classifying grape varieties with the Xception
model.

3.2.1. Final remarks on canopy analysis

Canopy analysis is essential for viticulture management, as it allows
to monitor plant health and optimize production. Studies focus on vol-
ume estimation, grape variety identification, and segmentation for sub-
sequent analysis. The most widely used sensors are RGB and RGB-D, the
latter are particularly useful to obtain detailed information on plant vol-
ume, thus allowing precise growth assessments. Deep Learning
methods are the most widely used for data processing thanks to their
ability to extract detailed features. The main challenges concern the
morphological variability of plants, which can complicate variety identi-
fication and affect model generalization. In addition, image quality can
be compromised by environmental factors, such as shadows and reflec-
tions, and by the difficulty of acquiring data in densely vegetated
environments.
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3.3. Agronomic parameters analysis

The analysis of agronomic parameters plays a paramount role in un-
derstanding the physiological state and quality potential of agricultural
products. Physical parameters such as Leaf Area Index (LAI), Normalized
Difference Vegetation Index (NDVI) (Fig. 6), and water status provide
information on the growth, health, and productivity of crops. On the
other hand, parameters such as sugar content (Brix) and pH are essen-
tial to evaluate the quality of the fruit.

The analysis of these parameters, as reported in Table 5, is mainly
done using RGB, RGB-D, and hyperspectral cameras. The latter are the
most widespread to estimate plant parameters and this type of data is
often processed using Partial Least Square Regression (PLSR). This
method is particularly suited to the analysis of hyperspectral data, as it
allows the high dimensionality and collinearity between spectral
bands to be handled and extracts the most relevant components for es-
timating agronomic parameters of plants. In detail, in Bertoglio et al.
(2024), a framework is proposed starting from on-the-go hyperspectral
images to estimate bunches' chemical parameters, i.e. Total Soluble
Solids (TSS) and anthocyanin concentration. A Mask Region
Convolutional Neural Network (Mask R-CNN) instance segmentation
model is used to segment bunches exploited as input features for a Par-
tial Least Squares Regression (PLSR) model. In Kang et al. (2023) and in
Maimaitiyiming et al. (2020), the PLSR model is used to respectively

Fig. 6. An example of a pixel by pixel NDVI estimate at leaf level from (Milella and Reina,
2024). The NDVI varies between —1 and 1. Greener points correspond to higher values,
indicating greater photosynthetic activity and better vegetation health.
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Table 5
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Overview of studies based on agronomic parameters analysis, highlighting the specific goal, the datasets used, and the methods for data collection and processing.

Agronomic Parameters

Authors Goal Dataset Sensor Methods
(Bertoglio et al.,  Chemical In-field Hyperspectral camera (Senop ~ Mask R-CNN and Partial Least Squares Regression
2024) parameters HSC-2) on a robotic platform
(Swe and Oenological In-field Hyperspectral camera (Hyper  Ridge, LASSO, 1D 42D CNN, Decision Tree using XGBoost and an
Noguchi, 2024) parameters (Brix, Suprime-Cam (HSC)) explainable boosting machine followed by support vector
pH) regression
(Milella and NDVI In-field RGB-D camera (Intel RealSense Segmentation based on depth
Reina, 2024) D435) on robotic platform
(Benelli et al., SSC In-field Hyperspectral camera Partial Least Squares Discriminant Analysis
2024) (Nano-Hyperspec VNIR) on a
garden cart
(Blanco et al., vNDVI and CIRG In-field and Public dataset 10 Mega Pixels zoom cameras  DAFormer with Domain Adaptation via Cross-domain Mixed
2023) Embrapa WGISD ((Santos et al., Sampling (DACS)
2020))
(Tiozzo Fasiolo Vegetation indexes In-field RGB-D camera (RealSense 3D processing
etal, 2023) and geometrical D435) on a robotic platform
data
(Kang et al., Water status In-field Hyperspectral camera Partial Least Squares regression
2023) (Nano-Hyperspec)
(Maimaitiyiming Physiological In-field Hyperspectral camera (Specim  Partial least squares regression
et al., 2020) indicators Q)
(Mendes et al., LAI In-field RGB camera without IR filter NDVI-based segmentation and 3D processing
2019)

extract the grapevine water status and physiological indicators (stoma-
tal conductance (Gs) photosynthetic CO2 rate (A), intercellular CO2
concentration (Ci) and transpiration rate (E)) using hyperspectral im-
ages acquired in-field. Instead, Benelli et al. (2024) describes a method
for the automatic selection of regions of interest, using the Partial
Least Squares Discriminant Analysis (PLS-DA) method, from
hyperspectral images to predict the soluble solids content (SSC).

In Swe and Noguchi (2024), using hyperspectral images is evaluated
the performance of five renowned machine learning approaches to indi-
cate the best-fitted algorithm to predict oenological parameters (Brix,
pH). In detail, the ML models are: linear models Ridge and LASSO, a
1D +2D convolutional neural network (1D +2D CNN) non-linear
model, a gradient boosting decision tree (GBDT) using XGBoost as an
ensemble model, and an explainable boosting machine (EBM) followed
by support vector regression (SVR) as a hybrid model.

RGB and RGB-D cameras can be used to estimate the NDVI parame-
ter. For example, in Blanco et al. (2023), beginning from a semantic seg-
mentation algorithm (DaFormer), an approach is proposed to estimate
indices (vNDVI and CIRG) by processing the segmented data in RGB
and CIELAB color spaces to extract the information needed to calculate
the indices. Also, in Milella and Reina (2024) is proposed a method for
the pixel-per-pixel NDVI calculation using data collected by a farmer
robot equipped with an RGB-D camera that includes two infrared (IR)
sensors in stereoscopic configuration and one RGB sensor, which pro-
vides, for each observation, both infrared and visible red channel infor-
mation. The analysis of plant parameters can also be done using 3D data.
For example, in Tiozzo Fasiolo et al. (2023), vegetation indices are ana-
lyzed using data from a mobile ground robot, which is employed for 3D
reconstruction of the canopy and spatial analysis of vegetation struc-
ture. Also in Mendes et al. (2019), a low-cost, non-destructive system
is presented using an RGB camera with no IR filter to estimate the Leaf
Area Index (LAI) by combining stereo imagery for 3D canopy recon-
struction and NDVI-based segmentation to isolate vegetation.

3.3.1. Final remarks on agronomic parameters analysis

The analysis of agronomic parameters is helpful for understanding
the physiological state and quality potential of agricultural products.
The parameters evaluated are chemical, NDVI, LAI, water status, sugar
content, and pH. The most commonly used sensors are hyperspectral,
as they provide detailed information on the composition of plants
thanks to their ability to detect a wide range of wavelengths. Regression
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methods are often used to process the data, as they allow effective man-
agement and interpretation of the complex data collected by the sen-
sors, establishing relationships between the observed variables and
the agronomic parameters to be estimated. The main limitations relate
to the complexity of hyperspectral sensors, which are expensive and re-
quire accurate calibration and complex algorithms for data processing.

3.4. Leaf diseases analysis

Plant leaf diseases severely influence crop quality and productivity.
Pathology accurate recognition is a fundamental step in achieving pre-
cise interventions as it can spread quickly and cause a lot of damage to
the vineyard. Several diseases can affect grapevine plants, including fun-
gal ones like Downy Mildew, powdery Mildew, anthracnose, and gray
mold, as well as biotic and abiotic stress indicators such as nitrogen de-
ficiency, viral infections (e.g., Vein-Clearing Virus, Flavescence dorée),
and pest-related damage (e.g., Eriophyes vitis and Spider Mites). Tradi-
tionally, disease identification is done by visual inspection or laboratory
tests. As for visual inspection, it is typically performed by domain ex-
perts who observe leaves directly in the field, searching for visible
symptoms such as spots, color differences, and deformities. Therefore,
this method is subject to variability in observer experience and may
be inefficient for large-scale monitoring. On the other hand, laboratory
tests offer a more accurate diagnosis, but they require sampling, time,
resources, and specialized infrastructure, making systematic application
for large-scale monitoring difficult. In this context, techniques based on
image analysis (Table 6) can represent a more efficient, automated, and
scalable alternative, allowing the detection of symptoms, segment the
affected areas, and classify the type or severity of infections through
continuous and non-invasive monitoring of the vineyard (Fig. 7).

For instance, in Kontogiannis et al. (2024), object detection CNN
models such as Faster R-CNN and YOLO are utilized for early detection
of Downy Mildew.

Segmentation is a key step in disease identification. In Zhang and Mu
(2024), a novel segmentation model named GMamba, based on a Sym-
metric Semantic Module (SSM) and inspired by the U-Net architecture,
is proposed to extract semantic features at different resolutions. Thanks
to the hierarchical structure of the model, both fine-grained and coarse-
grained features are captured, improving segmentation. Similarly, Liu
et al. (2022) and Abdelghafour et al. (2020) introduce two approaches
for detecting Downy Mildew using RGB images: a modified
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Table 6
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Overview of studies based on leaf disease analysis, highlighting the specific goal, the datasets used, and the methods for data collection and processing.

Leaf Diseases

Authors Type of disease Dataset Sensor Methods
(Zhang and Mu, Black measles, Black rot and Gray mold ~ Modified public dataset ~ RGB camera (OLYMPUS OM-D) GMamba model
2024) (Plant Village) and

(Kontogiannis
etal, 2024)
(Morellos et al.,
2024)
(Candido-Mireles
et al.,, 2023)

(Jindal et al., 2023)
(Barjaktarovic
etal, 2023)
(Rangon et al.,
2023)

(Liu et al., 2022)
(Farahani et al.,
2022)

(Gutiérrez et al.,
2021)

(Nguyen et al.,
2021)
(Kontogiannis and
Asiminidis, 2020)
(Boulent et al.,
2020)
(Abdelghafour

et al., 2020)

Downy Mildew

Esca, Downy Mildew, Powdery Mildew,
Nitrogen Deficiency, Eriophyes vitis
Biotic and abiotic stress

Red Globe grape leaf illnesses
Flavescence dorée

Flavescence Dorée, Downy Mildew and
Esca

Downy Mildew

Downey Mildew, Anthracnose, and
Powdery Mildew

Downy Mildew and Spider Mite
Vein-clearing virus

Vine stress

Flavescence Dorée

Downy Mildew

in-field
In-field

Public images of Eden

Library and in-field
In-field

In-field
In-field
In-field

In-field
In-field

In-field
In-field
In-field
In-field

In-field

RGB camera
RGB on vehicle

Three smartphones (Xiaomi MI
CC9, Huawei ALEL23, and iPhone
8)

Smartphone camera
Hyperspectral camera (HySpex
Mjolnir V-1240)

RGB Camera (Basler Ace
acA2440-20gc) on a vehicle

RGB camera on moving vehicle
RGB-D camera

RGB camera (Canon EOS 5D
Mark V)

Hyperspectral camera (SPECIM
IQ) on a tripod

RGB cameras

Hand-held RGB camera
RGB Camera (Basler Ace

cA2500-14gc GigE) on a moving
vehicle

Faster R-CNN and YOLO
MobileNetV2, EfficientNetB0O and Mobile-UNet

EfficientNetB3, InceptionV3, VGG16 and
ResNet50

CNNs and federated learning
Multi-Layer Perceptron

Color structure tensors; MobileNet and Random
Forest

Modified DeepLabv3

Faster R-CNN with VGG16, GoogLeNet, AlexNet,
and ResNet50

CNN

SVM, RF, 2D-CNN and 3D-CNN

Mask R-CNN and Single Shot Detector

CNN and FCN

Local structure tensors combined with color

features and a seed-growth segmentation
algorithm

DeepLabv3+ network and a method combining structure-color repre-
sentations with a seed-growth segmentation algorithm, using local
structure tensors (LSTs) and color information. Segmentation can also
be used as a preliminary to disease classification, as shown in Morellos
et al. (2024), where Mobile-UNet is employed for pixel-level segmenta-
tion, followed by MobileNetV2 and EfficientNetBO models fine-tuned

L R
normal 0.96

using transfer learning to classify images into healthy or infected cate-
gories. Similarly, Rancon et al. (2023) develops a multi-disease detec-
tion system for Downy Mildew, Esca, and Flavescence Dorée. Their
approach includes pixel-by-pixel segmentation for Downy Mildew
using a color structure tensor, bounding boxes for Esca generated
through SIFT features and bag-of-words models integrated into

(b)

Fig. 7. An example of leaf diseases analysis. In detail, (a) from (Kontogiannis et al., 2024) and (b) from (Abdelghafour et al., 2020) show the detection and the segmentation of Downy

Mildew symptoms.
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MobileNet, and a combination of CNN and Random Forest for
Flavescence Dorée to assess infection at both leaf and vine levels. In
Kontogiannis and Asiminidis (2020) is proposed a method for the mon-
itoring of vine stress indicators, such as leaf bleaching and senescence,
using Mask R-CNN and SSD (Single Shot Detector) for segmentation
and detection of stressed regions, along with a Viticulture Stress Index
(VSI) to quantify stress severity.

While segmentation and detection are essential for localizing dis-
ease symptoms, some approaches focus on classification to identify
and categorize the health status of grapevine leaves. For instance, in
Candido-Mireles et al. (2023), an approach starting from RGB images
is proposed to evaluate the performance of convolutional neural net-
works (CNNs) in identifying biotic and abiotic grapevine stress
employing pre-trained models, including EfficientNetB3, InceptionV3,
VGG16, and ResNet50, with transfer learning and data augmentation
techniques to enhance classification accuracy. The best model was
found by using a cross-validation approach, repeating the process ten
times, dividing the dataset into 50 % for training, 10 % for validation,
and 40 % for testing. In the end, the EfficientNetB3 architecture achieved
the best accuracy of 97.2 %.

In Boulent et al. (2020), a model for automatically detecting
Flavescence Dorée across various white grape varieties is developed
using CNN converted into a Fully Convolutional Network to perform in-
ference. To better understand the model's sensitivity, they investigate
its behavior using two visualization techniques: Guided Gradient-
weighted Class Activation Mapping and Uniform Manifold Approxima-
tion and Projection. Convolutional neural networks are also used in
Jindal et al. (2023) to categorize Red Globe grape leaf illnesses with
the integration of federated learning, in Gutiérrez et al. (2021) for the
detection and differentiation of Downy Mildew and Spider Mite symp-
toms and in Farahani et al. (2022) to identify three common grapevine
diseases (Downey Mildew, Anthracnose, and Powdery Mildew) specifi-
cally using the Faster Region-based Convolutional Neural Networks
(R-CNN) with an Enhanced VGG16 model compared with various net-
works, including VGG16, GoogLeNet, AlexNet, and ResNet50. In detail,
the Enhanced VGG16 model showed a value of 99.62 % of mean Average
Precision (mAP).

Hyperspectral cameras are also employed for disease detection, as
demonstrated in Nguyen et al. (2021) and Barjaktarovic et al. (2023).
In the first study, images at the plant level are used to identify and clas-
sify grapevines inoculated with the newly discovered DNA virus grape-
vine vein-clearing virus (GVCV). The study differentiates spectral
patterns between healthy and infected vines, leveraging disease-
specific vegetation indices (VIs) and employing pixel-wise and image-
wise classification through deep learning (2D-CNN, 3D-CNN) and
machine learning (Support Vector Machines (SVM) and Random Forest
(RF)). In detail, 34 VIs are considered, and the normalized
pheophytization index (NPQI), fluorescence ratio index 1 (FRI1), plant
senescence reflectance index (PSRI), and anthocyanin index
(AntGitelson) are identified as the most discriminative indices in early
stages of the disease. In contrast, the water stress and canopy tempera-
ture (WSCT) are identified as important in later stages. Concerning the
models used, the SVM is most effective in the wise classification of veg-
etation indexes with smaller feature spaces, while the RF classifier per-
formed better in pixel-wise and image-wise classification with larger
feature spaces. When modeling at the image level, the automated 3D-
CNN feature extractor provides better results than the 2D-CNN extrac-
tor in terms of feature learning. In the second study, develop a system
for the early detection of Flavescence Dorée in grapevines. The collected
data are processed through a Multi-Layer Perceptron (MLP) classifier
model, with pre-processing based on the normalization of spectral var-
iations via SNV (Standard Normalize Variate).

3.4.1. Final remarks on leaf diseases analysis
Leaf disease analysis is essential for timely intervention to prevent
damage to the vineyard. Most studies use deep learning models for
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detection and segmentation to identify and classify the type of infection.
The most commonly used sensors are RGB and RGB-D, but
hyperspectral sensors are also used to collect more detailed data. Limi-
tations of this analysis include the difficulty of detecting diseases in their
early stages when symptoms are less visible and difficult for models to
interpret. In addition, many infections cause similar changes in leaf
color and structure, which can lead to classification errors.

3.5. Structural elements analysis

The grapevine, as shown in Fig. 8, is composed of the trunk, the
oldest and most rigid part, which serves as the main conduit for sap
flow and provides structural stability. From the trunk arise the coursons,
the short branches retained during pruning, and the canes, the longer
and older branches often attached to supporting wires. From these
canes, new shoots develop. Together, these structural elements play dis-
tinct roles in the annual growth cycle. For this, understanding the rigid
structure is fundamental for effective vineyard management, particu-
larly during pruning, which shapes the future growth of the vine by de-
termining the parts of the plant that are retained or removed. Improper
pruning can disrupt sap flow, promote wood diseases, and reduce yield.
By analyzing the structural components of the grapevine, as reported in
Table 7, researchers and farmers can develop strategies and technolo-
gies to optimize pruning practices. This ensures a balance between veg-
etative and reproductive growth, enhancing the vineyard's quality and
productivity (Fernandes et al., 2021).

Based on this, in Hrabar and Kovacic (2023), a method for vine trunk
localization based on YOLOV5 is proposed to determine the location of
vines in the immediate vicinity of the all-terrain mobile manipulator—
ATMM-VIV—needed for spraying and bud suckering. Instead, in
Beniaouf et al. (2022) using multispectral imaging, vine stocks are de-
tected using a Mask R-CNN model and then projected into 3D using
Structure-from-Motion (SfM). A clustering algorithm (DBSCAN) seg-
ments the 3D point cloud into individual vine stocks, which are aligned
using Iterative Closest Point (ICP) for precise registration.

Connected to the trunk are the cordons, which often are occluded by
shoots/leaves, making it extremely challenging to determine their tra-
jectories as demonstrated in Majeed et al. (2020a) in which a deep
learning-based novel approach is presented employing a CNN with a
ResNet-18 backbone and a multiclass Faster R-CNN. In another work,
Majeed et al. (2020b), the same authors investigate an approach to
accurately determine the cordon shapes in full foliage canopies using
different deep learning-based semantic segmentation techniques
(FCN-VGG16, SegNet-VGG16, SegNet-VGG19, and FCN-AlexNet). The

Branches Nodes
N Lateral shoot ¥y Root crown

N Shoot O Branch node §
. Cane O Pruning cut
I Courson A Growing tip
. Trunk

Fig. 8. An example of plant parts from (Gentilhomme et al., 2023).
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Table 7
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Overview of studies based on structural elements analysis, highlighting the specific goal, the datasets used, and the methods for data collection and processing.

Structural Elements

Authors Goal Dataset Sensor Methods

(Chen et al., Identification of In-field Smartphone camera (iPhone 12) and RGB-D camera (Realsense PSP-net and YOLOvV5

2024) Pruning Points d435i)

(Hdring et al,  Identification of In-field RGB-D camera (Intel RealSense L515 and D435i) and smartphone DDRNet, Structure-from-Motion

2024) Pruning Points (Samsung Galaxy S20 FE) and Multi-View Stereo

(Coll-Ribes Identification of Public dataset Embrapa RGB-D camera on a robotic platform Mask R-CNN and YOLACT

et al.,, 2023) Cutting Points WGISD (Santos et al.,

2020) and in-field

(Hrabar and Vine trunk In-field RGB-D camera (Intel Realsense D435) and tracking camera (Intel YOLOv5

Kovaci¢, 2023)  localization Realsense T265) on a robotic platform

(Gentilhomme Identification of In-field RGB and smartphone cameras ViNet based on a Stacked

etal, 2023) Pruning Points Hourglass Network

(Lanza et al., Wood volume In-field RGB-D camera (Intel RealSense D435i), tracking camera (Intel 3D processing and YOLOv8

2023) estimation and RealSense T265), RGB camera (Basler RGB DART) and smartphone

early bud counting camera (RedMi Note 11 Pro) on a tripod

(Rahim et al., Detect and track In-field RGB camera (Sony «7 III) on a moving vehicle Mask R-CNN

2023) inflorescences

(Khokher et al., Detect In-field GoPro Hero 5 and seven RGB cameras on a moving vehicle RetinaNet

2023) inflorescences

(Beniaouf Trunk detection In-field Multispectral camera (Parrot Sequoia) and RGB camera Mask R-CNN,

etal, 2022) Structure-from-Motion, DBSCAN
and Iterative Closest Point
algorithm

(Du et al., Detect In-field RGB camera (DF500-1944P) on a robotic platform Faster R-CNN, SSD, Retinanet,

2022) inflorescences YOLOV3, YOLOX-s, YOLOV5s and
K-means

(Fernandes Identification of In-field RGB camera (4 k Canon) Mask R-CNN with R50-FPN,

etal, 2021) Pruning Points R101-FPN, X101-FP, R50-FPN and
ResNeXt

(Kalampokas ~ Grape stem Two in-field dataset RGB camera RegCNN, Bi-Distance Map

etal, 2021) detection regression and active contour
optimization

(Villegas Bud detection Public dataset (Pérez RGB camera FCN-MN and Sliding Window

Marset et al., etal, 2017)

2021)

(Palacios et al., Detect In-field RGB camera (Canon EOS 5D Mark IV) on a moving vehicle SegNet with VGG16 and VGG19

2020) inflorescences

(Majeed et al.,  Trajectories of In-field RGB camera (Sony cyber-shot RX100 IV)) CNN with ResNet-18 and a

2020a) cordons multiclass Faster R-CNN

(Majeed et al.,  Trajectories of In-field RGB camera (Sony cyber-shot RX100 1V)) SegNet-VGG16, SegNet-VGG19,

2020b) cordons and FCN-AlexNet

FCN-VGG16 model achieved the highest Boundary-F1 score with a
mean value of 93 %. Following the cordon segmentation, different math-
ematical models (Polynomial, Gaussian, Fourier, and sum of sines) are
fitted on the cordon segments obtained from the FCN-VGG16 network.

The identification of pruning points has been a central focus in nu-
merous studies, with a variety of approaches leveraging both 2D and
3D data. Across these works, a common way is the use of segmentation
and detection algorithms to isolate structural elements of the vine. For
example, in Chen et al. (2024), the process begins with semantic seg-
mentation using PSP-net to separate branches and the main stem
from the background. This segmented image is further processed
using YOLOV5 for target detection, enabling the identification of bud co-
ordinates. Depth information is then integrated to determine the prun-
ing points by projecting these coordinates on the plant's skeleton.
Similarly, in Haring et al. (2024), semantic segmentation is used to iso-
late the plant, followed by creating a 3D point cloud using photogram-
metry techniques (Structure-from-Motion and Multi-View Stereo).
This framework provides precise pruning guidance, offering objective
suggestions that do not depend on the individual experience of the op-
erator, and makes it possible to provide guidance even to those who are
not experts in the field. In Fernandes et al. (2021), Mask R-CNN with
multiple backbones is employed to segment grapevine organs and con-
struct a structural model of the plant, allowing precise localization of
potential pruning points.

Another line of research focuses on predicting pruning points by
recognizing specific vine components, such as nodes and branches.
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For instance, in Gentilhomme et al. (2023), the ViNet architecture,
based on a Stacked Hourglass Network, is used to predict nodes
and branches, offering pruning recommendations by integrating
structural and visual information. Similarly, Kalampokas et al.
(2021) employs twelve regression CNN deep learning models
(RegCNN), obtained by combining several CNN architectures, to de-
tect grape stems through segmentation tasks. This method incorpo-
rates Bi-Distance Map regression to refine the pixel-wise distance
estimation and active contour optimization to enhance segmenta-
tion precision. The U-Net_MobileNetV2 model shows the best
value in terms of Intersection over-Union (IoU) accuracy, reaching
a value of 98.90 %.

The volume of pruning wood and the detection of buds are also
essential steps in pruning-related research, as demonstrated in
Lanza et al. (2023). Wood volume estimation provides information
on past vine growth, allowing for personalized fertilization practices
and helping to evaluate whether pruning strategies are effective.
Bud detection, on the other hand, indicates future growth and allows
the generation of a map of the vineyard's vigor. Together, these pa-
rameters support more effective agronomic decisions by allowing
for targeted pruning. In detail, Lanza et al. (2023) proposes a
vision-based system for grapevine shoot volume estimation using
3D data acquired by a depth camera and early bud detection with
an optimized YOLOv8 model. Concerning the detection of buds, in
Villegas Marset et al. (2021), a Fully Convolutional Network (FCN)
with a MobileNet backbone is proposed. This method is validated
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against a strong baseline, Sliding Windows (SW), demonstrating
significant improvements in segmentation accuracy, correspon-
dence identification, and localization. Furthermore, pruning
research is not limited to traditional tasks but extends into applica-
tions like grape harvesting. For example, in Coll-Ribes et al. (2023),
instance segmentation combined with monocular depth estimation
is used to detect bunches and peduncles, providing precise 3D cam-
era coordinates for cut-off points, thus enabling automated grape
harvesting.

In parallel, inflorescences have emerged as another element for anal-
ysis, with applications in pruning, yield estimation, and plant health
monitoring. In Khokher et al. (2023), RGB video data with annotated
bounding boxes are used to train a deep learning framework with
RetinaNet that integrates detection results into a tracking pipeline for
counting inflorescences. The proposed method can detect inflores-
cences in different lighting (bright and dark) and background (sun,
clouds, trees, and other rows) conditions. Similarly, Rahim et al.
(2023) combines Mask R-CNN with multi-object tracking algorithms
(SORT and I0U) to develop a visual system for detecting and tracking in-
dividual inflorescences. Addressing the removal of specific inflorescence
components, Du et al. (2022) proposes an end-to-end method combin-
ing YOLOV5s with K-means clustering to detect spikelets requiring re-
moval, even in complex growing environments. Finally, Palacios et al.
(2020) (Fig. 9) presents a non-invasive method for counting grapevine
flowers using on-the-go image acquisition, employing SegNet with
VGG16 and VGG19 backbones for segmentation. The best results were
obtained using the VGG19, with F1 score values of 0.93 and 0.73 in the
inflorescences segmentation and the individual flower detection steps,
respectively.

3.5.1. Final remarks on structural elements analysis

Analysis of structural elements is essential for effective vineyard
management. The main aspects studied include identifying pruning
points, buds, and inflorescence. Data are collected using RGB and, in
some cases, RGB-D sensors and are then processed using mainly deep
learning methods, often combined with machine learning techniques.
Challenges associated with this analysis include the difficulty of detect-
ing subtle details, such as pruning points or buds, in variable lighting
conditions, or in the presence of occlusion by leaves. The accuracy of in-
florescence detection can vary depending on the grape variety and stage
of growth. In addition, the complexity of the plant structure, with over-
lapping and densely vegetated branches, can make it difficult to seg-
ment the elements correctly.

Fig. 9. An example of inflorescences’ segmentation from (Palacios et al., 2020).
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4. Methods for data processing

From the literature review in Section 3, it has emerged that both tra-
ditional computer vision and/or Artificial Intelligence methods are im-
plemented to extract specific plants' features from images for
advanced analysis, as shown in Fig. 10. It can be helpful to provide a bal-
anced perspective on the trade-offs and complementarities between
classic and complex methods, highlighting when and how Al integra-
tion can improve viticulture monitoring systems.

Traditional computer vision approaches rely on image processing
techniques adapted to perform tasks such as segmentation and classifi-
cation. For instance, color-based segmentation uses specific color spaces
(e.g. HSV, CIELab, or RGB) to isolate objects of interest from the scene.
An example is provided in Hacking et al. (2019), where grapes' bunches
are separated from the background using segmentation based on the
HSV color space to estimate their weight. For texture analysis, methods
such as the Local Structure Tensor (LST) enable the extraction of geo-
metric and orientation information in local patterns, as demonstrated
in Abdelghafour et al. (2019), where it is used to classify healthy and
symptomatic tissues. The Hough Transform is also a widespread
method, used, for example, in Liu et al. (2020) and in Rancon et al.
(2023) to detect and count grape berries based on their circular shape.
For tasks involving 3D, there are several approaches for reconstruction,
like Structure from Motion (SfM) that enables the reconstruction of 3D
scenes from 2D images to generate detailed models, such as the recon-
struction of plant structures in Haring et al. (2024) and in Beniaouf et al.
(2022). 3D processing could help to provide information like the canopy
height (Kateris et al., 2021) and volume (Milella et al., 2019; Tiozzo
Fasiolo et al., 2023), wood volume (Lanza et al., 2023), and size of the
bunches (Hacking et al., 2019; Liu et al., 2020), providing a comprehen-
sive understanding of plant morphology. In summary, these classical ap-
proaches have been used alone mainly in older studies, dating back
between 2019 and 2021, or in combination with advanced techniques
inrecent years. They perform well in the contexts in which they are ap-
plied, require few computational resources, and do not require large
datasets, as proved in Abdelghafour et al. (2020), where a 100-image
dataset is used. Despite these advantages, they have some limitations;
for example, color-based methods for feature extraction can be affected
by variations in illumination, shadows, and reflections. The presence of
similar colors between the berries and the background can reduce the
contrast, making the segmentation of objects more difficult. These var-
iations also affect the application of the Hough transform since they
alter the definition of the edges and can lead to false detections or failure
to identify the objects of interest. Therefore, these standard methods are
less reliable in complex scenarios, such as environments with high var-
iability in illumination, or when there are significant variations in the
data, such as the presence of plants with different morphologies or
non-uniform growth of the bunches. Such variations can compromise
the ability of traditional methods to extract useful information consis-
tently.

To overcome these problems, previous approaches can be used as
the first step toward the implementation of more complex models,
such as those of Machine Learning. Examples are Support Vector Ma-
chines (SVM), Decision Trees, Random Forests (RF), and K-Nearest
Neighbors (KNN), which include a range of techniques for tasks such
as classification, regression, and clustering, using patterns in data to
make predictions or decisions. These mentioned methods are often
used together or compared to detect (Zheng et al., 2024) and segment
(Romeo et al.,, 2023) grapes or leaves and also to classify plant disease
(Rancon et al.,, 2023; Nguyen et al., 2021). One of the most widely
used methods for regression tasks is Partial Least Squares (PLS), a
covariance-based regression method that reduces the original set of
variables into a smaller subset, making it particularly suitable for high-
dimensional data and handling multicollinearity. This method is
exploited for the evaluation of agronomic parameters using
hyperspectral data, (Bertoglio et al, 2024; Benelli et al., 2024;



A. Bono, C. Guaragnella and T. D'Orazio

Computational
complexity

7~

Classical approaches:

Color-based segmentation,
Structure from Motion,
Local Structure Tensor,

Hough Transform,
3D processing

Artificial Intelligence in Agriculture 16 (2026) 62-84

Feature extraction
capability
A

DL-based approaches:
LeNet, AlexNet, ResNet, ResNeXt,
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Vision Transformer

-

ML-based approaches:
Support Vector Machines,
Decision Trees, Random Forests,
K-Nearest Neighbors,
Partial Least Squares

Input data

Fig. 10. Commonly used methods for data processing, categorized into Classical, Machine Learning (ML), and Deep Learning (DL) approaches. The methods are analyzed based on three key
factors: computational complexity (the resources required for execution, such as processing power and time ), input data (the amount of data needed for effective model implementation),
and feature extraction capability (the ability to identify and learn relevant patterns from data).

Maimaitiyiming et al., 2020; Kang et al., 2023) since this type of analysis
includes highly correlated variables (e.g. sugars, acidity, etc.). Therefore,
PLS represents a promising technique for the analysis of agronomic pa-
rameters, as it allows the extraction of meaningful information from
complex data, such as hyperspectral data, and supports informed deci-
sions.

However, traditional machine-learning approaches may struggle
when faced with scenarios that differ from those for which they were
originally designed. In addition, they are efficient with small or
medium-sized datasets but struggle with very large ones as they cannot
fully exploit the richness of information. For example, in viticultural ap-
plications, changes in lighting conditions, differences in grape morphol-
ogy, or variability between different grape varieties can compromise the
performance of these models, which often make rigid assumptions
about the nature of the input data.

The advent of Deep Learning (DL) has introduced more powerful ap-
proaches capable of automatically learning complex features from data.
The paramount DL models for image and video analysis are
Convolutional Neural Networks (CNN). The building blocks of these net-
works are the convolutional layers as they extract features from the
input by sliding a filter, called kernel, over the image or video and calcu-
lating the dot product between the filter and the input pixels. In general,
in a CNN, the number and complexity of layers determine the network's
ability to recognize more complex structures in the image. The first
layers of the network focus on basic features, such as edges, corners,
and colors. As the network progresses through the successive layers, it
begins to recognize larger and more complex shapes of the object
until it finally identifies the desired object. However, as the depth in-
creases, the computational complexity also increases as it requires
larger and more heterogeneous datasets to effectively train the network
since greater abstraction requires more data to avoid problems, such as
overfitting. The latter can be mitigated through specific techniques such
as dropout, regularization, and early stopping. In detail, dropout consists
of randomly deactivating a percentage of neurons during training, pre-
venting the network from becoming too dependent on specific connec-
tions. On the other hand, regularization introduces constraints into the
learning process to limit the complexity of the model by controlling
the size of the network weights or by adding penalties that push the
model to find more general solutions, thus improving its ability to
make predictions on new data. Finally, early stopping is a technique
that stops training the model when performance on a validation set
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begins to deteriorate. This prevents the model from continuing to
learn the specific details of the training set by improving its generaliza-
tion ability.

Among the most traditional and shallow models, there are networks
such as LeNet (Bomer et al., 2020) and AlexNet (Marani et al., 2021;
Pereira et al., 2019) implemented to perform grape detection, segmen-
tation, and classification tasks, respectively. Although simple, these net-
works have represented a fundamental starting point for the
development of more advanced models like Residual Neural Network
(ResNet), which is one of the most widely used architectures. An evolu-
tion of ResNet is represented by ResNeXt, which introduces a new di-
mension, cardinality, in addition to the dimensions of depth and
width. Due to their ability to extract robust and efficient features, both
of these architectures are often used as backbones within more complex
models for advanced tasks such as segmentation and detection, since
they are not designed to perform these purposes directly. For example,
they are used in the encoder-decoder architectures, which represent
one of the most widespread models for semantic segmentation, where
it is essential to combine global context and local precision. Among
the architectures, U-Net uses skip connections between the encoder
and decoder to combine global and local features. Other encoder-
decoder architectures are DeepLab, which uses atrous convolutions to
capture global context without reducing spatial resolution, and MANet
(Multi-scale Attention Network), which integrates multi-scale attention
mechanisms inspired by human selective visual attention. These net-
works are used in many papers for the segmentation of bunches,
berries, and leaves as highlighted in the works of (Bono et al., 2024;
Yang et al., 2024; Carneiro et al., 2022b, 2023; Casado-Garcia et al.,
2024). Another efficient model is SegNet, often used in combination
with the VGG backbone to exploit the pre-trained feature extraction ca-
pabilities of VGG for encoding, making it suitable for semantic segmen-
tation and detection where detailed pixel-wise classification is
paramount, like in Palacios et al. (2020) and Majeed et al. (2020b) to de-
tect inflorescences and trajectories of cordons respectively. A combina-
tion is also that of Mobilenet as encoder, and DeepLab as decoder, which
has proven to be powerful in Zabawa et al. (2022) and Kierdorf et al.
(2022) for the segmentation and subsequent berry counting.

Other deep architectures are the Region-based CNNs (R-CNNs) born
for object detection. They are based on an approach where, starting
from an input image, many proposals for regions that could contain ob-
jects are generated. The main limitation of this architecture is
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computational inefficiency since each proposal is processed separately.
An improvement is introduced by Faster R-CNN, which eliminates this
bottleneck. Mask R-CNN extends Faster R-CNN's approach to include
segmentation. This means that Mask R-CNN not only identifies and lo-
calizes objects in an image but also predicts a pixel-accurate mask for
each object. In fact, it can be used both for detection and segmentation
tasks as demonstrated in Ghiani et al. (2021); Kalampokas et al.
(2022); Shen et al. (2022); Santos et al. (2020), where this architecture
is exploited to characterize and monitor the growth of grapes bunches.

The wide object detection model is YOLO (You Only Look Once), a
real-time algorithm that uses a CNN to predict the bounding boxes
and class probabilities of objects in input images. Unlike two-stage ob-
ject detectors such as R-CNN and its variants, YOLO processes the entire
image in one pass, making it faster and more efficient. For its advan-
tages, this architecture and all its versions are the most used for the de-
tection of plants' components (ffiiguez et al., 2024; Sneha et al., 2024;
Kumar and Kumar, 2024; Schieck et al., 2023; Badeka et al., 2023;
Ciarfuglia et al., 2023), and also the structural part (Chen et al., 2024;
Hrabar and Kovacic, 2023; Lanza et al., 2023; Du et al., 2022). In general,
the specific choice of a given YOLO version depends on the application's
specific needs, the available hardware resources, and the complexity of
the dataset. Models, such as YOLOv3, YOLOv4, and YOLOv5, have dem-
onstrated a higher speed and accuracy in detecting and identifying ob-
jects in agricultural environments (Alif and Hussain, 2024). In fact, in
the analyzed papers, the V4 and V5 versions are often used for the de-
tection of grapes bunches and pruning points due to the good trade-
off between accuracy and speed ([fiiguez et al., 2024; Sneha et al.,
2024; Schieck et al., 2023; Olenskyj et al., 2022; Ciarfuglia et al., 2023;
Chen et al., 2024; Hrabar and Kovacic, 2023; Du et al., 2022).

The demand for models capable of capturing long-range dependen-
cies and global context in image data has driven the adoption of Trans-
formers in computer vision. Unlike traditional CNNs, which operate on
localized receptive fields, Transformers use self-attention mechanisms
to establish relationships across the entire input, enabling a comprehen-
sive understanding of the global context. The Vision Transformer (ViT)
represents images as sequences of patches and predicts class labels,
allowing the model to learn the image structure in a more flexible man-
ner independently. They are used in Olenskyj et al. (2022) and in
Ahmedt-Aristizabal et al. (2024) for the detection of grapes as a first
step for advanced analysis, such as the estimation of the weight of
grapes and their counting.

Parallel to the advancements in Transformers, Generative Adversar-
ial Networks (GANs) have emerged as powerful tools for generative
tasks. GANs consist of two competing networks: a generator, which pro-
duces synthetic data, and a discriminator, which evaluates its authentic-
ity. This adversarial process pushes the generator to create increasingly
realistic outputs while the discriminator improves in distinguishing real
data from fakes. After training, GANs can generate high-quality, realistic
images, fill missing data, and augment datasets with synthetic exam-
ples. In fact, for example, this architecture is used in Kierdorf et al.
(2022) to address the problem of grapes' occlusions by generating a
highly probable scenario behind the leaves. The Deep Learning ap-
proaches described are mainly applied to 2D images, but their use for
depth estimation and 3D reconstruction is growing. For example, 3D
CNNs can process volumetric data, capturing spatial and temporal de-
pendencies in three-dimensional images, while Neural Radiance Fields
(NeRFs) can reconstruct complex 3D scenes starting from a limited set
of 2D images. Although these methods are not explicitly addressed in
the papers analyzed, their use in viticulture may increase in the coming
years due to their ability to generate detailed 3D reconstructions that
are useful, for example, for yield estimation and autonomous navigation
of agricultural robots.

As observed, the choice of a model, more or less advanced, depends
on a number of factors, including the availability of computational re-
sources, the variety of available data, the complexity of the task and
the specific needs of the context. However, one of the most critical
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issues is the dataset. With traditional models, having huge datasets is
unnecessary, which can lead to a reduction in data diversity and repre-
sentativeness. On the other hand, deep learning models require large
datasets to ensure good performance. Different strategies are employed
to address this challenge. Data augmentation, for example, allows artifi-
cially enlarging existing datasets through techniques such as rotations,
brightness changes or geometric distortions, thus increasing the variety
of data without acquiring new data. The use of pre-trained networks al-
lows the exploitation of models already trained on large and generic
datasets (such as ImageNet) to adapt them to specific tasks through
fine-tuning, as done in Bono et al. (2024). Furthermore, the availability
of public datasets represents an important resource to improve the gen-
eralizability of models. In detail, for the viticulture domain, one of the
most widely used datasets is the EMBRAPA WGISD, as highlighted in
Yang et al. (2024); Kumar and Kumar (2024); Woodson and Zhang
(2023); Botturi et al. (2023); Ahmedt-Aristizabal et al. (2024);
Ciarfuglia et al. (2023); Santos et al. (2020); Blanco et al. (2023); Coll-
Ribes et al. (2023), to develop robust models, overcoming the limita-
tions related to large-scale data collection.

In summary, integrating traditional computer vision techniques,
machine learning, and deep learning architectures provides a robust
framework to address various challenges in image analysis. These
models complement each other, with simpler methods providing effi-
ciency in constrained scenarios and advanced approaches to perform
complex tasks that require more attention. The selection and combina-
tion of these methodologies can improve the performance of viticulture
monitoring systems.

5. Discussion

The literature review conducted in this paper has allowed to explore
the core components for the realization of a monitoring system in viti-
culture, highlighting a series of issues and challenges that will be dis-
cussed below.

Fig. 11 shows the trend in sensors, tasks, and methods. In detail, the
predominance in the use of RGB cameras, with a focus on the analysis of
the grapes bunches, while deep learning techniques are confirmed as
widely adopted.

In detail, grape bunch analysis is the most considered task since it
enables the monitoring of both the quantity and the quality of the pro-
duction. The new methodologies offer significant advantages, allowing
non-destructive and large-scale controls, thus overcoming the limita-
tions of traditional methods. For this study, researchers have mainly
used RGB cameras and, in a few cases, RGB-D ones. The main challenges
include the presence of berries that are often small, overlapped, oc-
cluded, or blurred, leading to inaccurate yield estimates. Since the
grape cluster is the core of the plant and production, ensuring the
most precise control is essential. The use of sophisticated models, like
those of DL, is advantageous as it enables a more accurate distinction
of details in images, even in challenging conditions. Additionally, the ac-
curacy of the estimated grapes' geometric features depends on the dis-
tance at which they are imaged. For this, close-up and high-resolution
images could be useful for capturing fine details of the berries, such as
variations in size, texture, and color. Employing a diversified dataset
and integrating 3D data could also improve the inspection of the clus-
ters' structure. Several strategies could be employed to address the
problem of leaf occlusion. In addition to the use of models such as
GANs, as discussed in Kierdorf et al. (2022), the use of multispectral or
hyperspectral imaging techniques could facilitate the distinction be-
tween leaves and partially occluded grape bunches by exploiting their
different spectral signatures.

Other tasks include the analysis of the canopy as a whole, of the
leaves to reveal the presence of disease, and of rigid components such
as the trunk and branches to optimize pruning practices. Even in these
cases, the most used sensors are RGB and RGB-D cameras due to their
ease of use. However, RGB and RGB-D data can be unreliable in the
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presence of heavy shadows or variations in lighting, reducing the accu-
racy of trunk and branch detection, for example, and making it challeng-
ing to apply pruning techniques. Advanced deep learning methods are
mainly exploited to process the data and obtain detailed information.
On the contrary, more classical and less computationally intensive
methods can be implemented for the analysis of agronomic parameters
since sophisticated sensors are often used for data collection. In fact, for
this task, the hyperspectral camera is the widely employed sensor,
which offers superior precision thanks to its ability to capture detailed
information over a range of electromagnetic spectrum wavelengths.
This camera can capture information that cannot be obtained with clas-
sical RGB sensors, but it is very expensive and requires an initial calibra-
tion that must be re-performed every time there is a variation in solar

radiation, for example, on cloudy days. These disadvantages explain
why this task is the least addressed as shown in Fig. 11.

In general, from the literature review, regardless of the specific task,
the main issues and challenges for the use of monitoring systems in the
wine sector concern the choice of the sensor, the data processing
methods, the availability of the data, and the comparison with reference
measurements.

5.1. Sensors
The main trend in sensors is represented by low-cost and easy-to-

use sensors to make technologies accessible to a large number of
users, especially in agricultural contexts with limited resources. Looking
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at Fig. 11, the classic RGB cameras are the most used, but the quality of
acquisition is highly influenced by lighting conditions, making it diffi-
cult to obtain reliable data in variable environments. In fact, for exam-
ple, in Palacios et al. (2022), a controlled lighting system is used
during the night to overcome this problem. Another low-cost solution
is represented by RGB-D cameras, which can provide depth information
that is useful for volumetric details. However, also these devices are sen-
sitive to lighting conditions and the quality of the depth sensor, with er-
rors increasing in poorly illuminated environments or on reflective
surfaces. One solution for 3D scene reconstruction is represented by
LiDAR sensors that directly measure distances using a laser beam, gen-
erating 3D point clouds independent of light variations and with greater
accuracy than RGB-D sensors; however, they involve higher costs and
more expensive data processing than solutions based on RGB-D photo-
grammetry. To sum up, the adoption of cheap sensors can lead to limi-
tations in terms of the resolution and accuracy of the acquired images,
affecting the quality of the analyses. These issues can be mitigated
using more advanced sensors, such as hyperspectral, which offer greater
precision in detecting specific plant details as demonstrated in Kang
et al. (2023). However, these sensors are very expensive and also chal-
lenging to use as they need to be calibrated every time they are used and
require advanced algorithms to process and interpret the acquired data
due to the high dimensionality of the images. An alternative is multi-
spectral sensors, which are not yet widely used, but even if less detailed
than hyperspectral sensors, they offer a compromise between cost, sim-
plicity, and acquisition speed. Multispectral devices operate at a lower
spectral resolution, but this feature makes them more practical from
an operational point of view as they produce more usable data immedi-
ately and require fewer computational resources. Another key point
concerns the increasing use of smartphones as data acquisition devices.
Smartphones are widely available and easy to use, which is becoming
advantageous, especially for farmers, who can autonomously collect in-
formation without the need for specialized personnel. The reliability of
the analyses could suffer from the lower accuracy of the sensors inte-
grated into smartphones, especially for tasks requiring high resolution
and accuracy. To mitigate these limitations, it is possible to apply ad-
vanced processing techniques, such as resolution enhancement algo-
rithms and color calibration, which can increase the quality of the
collected data. In summary, the choice of the most suitable sensor
should be carefully considered in relation to the context and the balance
between accuracy and practical advantages such as cost-effectiveness
and easiness. In applications where precision is paramount, such as
early disease identification or yield estimation, using sensors with bet-
ter specifications may be more appropriate. On the contrary, in contexts
where accessibility and scalability prevail, such as large-scale monitor-
ing or use by small farmers, more affordable and user-friendly devices
like smartphones may be the preferred choice. A valid alternative is
also represented by the combination of different types of sensors,
which allows to exploit the strengths of each device, allowing to collect
more detailed information.

5.2. Methods

The choice of methods depends on several factors, with primary im-
portance given to the data availability, followed by the resources to pre-
pare and process them, and the nature of the task to be performed. In
Fig. 11, deep learning algorithms are the most widespread, becoming
a fundamental resource, although they pose some problems. The first
main obstacle is the accessibility of diversified data, which may affect
the accuracy and generalizability of the results. This problem is ampli-
fied in cases where models, such as Deep Learning ones, require large
amounts of data to be trained and adapted to as many situations as pos-
sible. In addition, these kinds of complex methods require high costs,
both in terms of computational resources and in terms of specialized
personnel necessary for data collection, data selection, and data valida-
tion. A solution for hardware availability can be represented by cloud
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computing, as it allows complex computational tasks to be performed
without having to invest in local hardware, thus reducing economic bar-
riers and making the technologies more accessible to farmers with lim-
ited resources. However, the effectiveness of this solution depends on
the availability of a stable network connection, which can be limited
in some rural areas, even if several initiatives are trying to bridge this
gap (Hambly and Rajabiun, 2021; Mack et al., 2024). In cases of com-
plete lack of connectivity, data processing can be performed offline
without compromising the functionality of the system to locate the po-
sition of monitored plants, as the acquired images are geo-referenced.
Specialized personnel are needed not only for data collection but also
for the interpretation of results and to promote the acceptability of the
systems by users. Advanced methods such as deep neural networks
often act as “black boxes”, making it difficult to understand the
decision-making process behind the predictions. This can limit end-
users' trust, such as farmers, and reduce the practical adoption of
these technologies. Simpler methods, such as those based on traditional
machine learning techniques, can offer greater transparency but may
not be sufficiently suitable for complex analyses. In brief, the applicabil-
ity of a method depends on the specific context in which it is used, and it
is necessary to invest in the development of methodologies that are
scalable, accessible, and easily interpretable. Furthermore, imple-
menting hybrid solutions, combining advanced methods and more tra-
ditional approaches, could represent an effective compromise to ensure
greater diffusion and utility of the developed technologies.

The problem of data availability to feed into models is one of the
major limitations in developing reliable systems. Small and context-
specific datasets risk not generalizing well to different environmental
conditions or grape varieties, limiting the effectiveness of models
when applied to real-world scenarios. To overcome these challenges,
it is essential to work on expanding datasets, making them larger and
more heterogeneous, to improve the model's adaptability to different
contexts. Many studies focus on a single grape variety or specific envi-
ronmental conditions, highlighting the need for richer and more repre-
sentative datasets. However, creating larger datasets comes with
significant challenges. Collecting data across a wide range of grape vari-
eties, environmental conditions, and periods requires a large invest-
ment of time and resources. For example, data must be collected at
different times of the year and under various conditions to accurately
represent the grapevine life cycle or seasonal variations. Annotating
these datasets is another major issue. Most deep learning techniques re-
quire manually annotated data, a process that is not only time-
consuming but can also be prone to human errors (Sager et al., 2021).
Solutions such as semi-automated or automatic annotation tools are
being explored to limit these issues. Another promising possibility is
the use of synthetic datasets generated through data augmentation
techniques to create artificial data representative of different conditions,
increasing the variety of the dataset without the need to collect addi-
tional real data. Furthermore, techniques such as transfer learning,
which uses pre-trained models on large generic datasets, can be helpful
to reduce the dependence on specific data and speed up the develop-
ment process (Weiss et al., 2016).

The problem of data is not specific only to the most advanced tech-
niques but also to traditional machine learning and even the simplest
methods. Even in the less complex models, it is essential to have suffi-
ciently representative data to ensure that the system captures the vari-
ability of the phenomenon analyzed, although these methods are often
less sensitive to small variations in the data than deep learning methods.
In this context, it is essential to develop new public datasets that are
large and representative, including the greatest variety of situations to
reflect the high heterogeneity of vineyards. These datasets should be
composed of images acquired in real conditions, allowing the analysis
of a wide range of scenarios. It is paramount to consider both the ele-
ments to be analyzed (e.g., grapes, leaves, trunks), the type of vineyard,
and the different environmental conditions, such as seasonality, light-
ing, and climate. Creating such diverse datasets would not only improve
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the effectiveness of models but would also contribute to the standardi-
zation and scalability of solutions, making them more applicable to
practical and real-world scenarios.

5.3. Reference measurements

A significant gap in the literature concerns the lack of comparison
between the results obtained with the new methods and those derived
from traditional agronomic techniques. This may be essential to confirm
the effectiveness and reliability of the proposed approaches. Indeed, the
comparison may highlight any limitations or critical issues not consid-
ered. Furthermore, understanding and demonstrating whether the
new methods are able to outperform standard techniques in real-
world conditions could be fundamental to encouraging the adoption
of these solutions by farmers and experts in the sector.

5.4. Final remarks

To sum up, based on this analysis and the main limitations identified,
future research efforts should focus on:

Continued exploration of commercially available sensors to gain a bal-
ance between ease-of-use and data accuracy, ensuring adoption for a
wide range of users.

Development of methods with wide generalization capabilities,
allowing models to perform in different conditions and scenarios
without loss in performance.

Strategic use of computationally intensive methods, limiting their ap-
plication to cases where they offer clear advantages to improve the us-
ability and practicality of the monitoring system.

Creation of large and heterogenous datasets to support the develop-
ment, validation, and comparison of advanced data processing tech-
niques.

Conduct experiments in real-world scenarios to evaluate the perfor-
mance of new methods against traditional ones, ensuring practical
relevance and reliability.

Cooperation between domain experts, such as agronomists and tech-
nical specialists. By combining specific and complementary skills, it
is possible to develop solutions that meet the technical and practical
needs of the agricultural sector.

Exploring these points aims to address key challenges by promoting
the development of scalable and easy-to-use solutions for real-world
applications.

6. Conclusion

In this paper, the fundamental issues of plant monitoring systems in
the wine sector have been explored. The literature review has been
structured according to the main analysis tasks, with attention to key
factors such as the specific objective, the type of dataset, the acquisition
methods, and the data processing techniques. Five main tasks have been
identified: the analysis of the grape bunch, the canopy, the leaf diseases,
the structural elements of the plant (such as trunk and branches), and
the agronomic parameters of the crop. Among them, the main focus is
on the analysis of the bunch, considered the heart of wine production,
since it represents the result of the whole production cycle. Its analysis
not only allows to evaluate the quantity and quality of the harvest but
also provides essential information for the management of resources
and the optimization of agricultural practices. Subsequently, the pro-
cessing methods have been examined in detail to define the main trends
and areas of development. In recent years, significant attention has been
paid to deep learning methods, which have proven to be effective in
extracting fine features from complex images. These methods offer ad-
vantages, such as increased accuracy in predictions and a better ability
to analyze complex conditions, but they have some challenges. Among
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these, the need for large and diverse datasets, the high computational
cost, and the difficulties related to the interpretability of the results
emerge. The evaluation and improvement of these models is the direc-
tion in which the scientific community is focusing its efforts to over-
come the current limitations and ensure the reliability and
applicability of the proposed systems. In conclusion, the improvement
of models and the implementation of robust, scalable, and accessible
systems could revolutionize the wine sector, bringing significant bene-
fits both in terms of productivity and sustainability.
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