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ABSTRACT

In times of highly effective and cost-efficient genotyping technologies routinely applied in
plant research and breeding, the need for comparable high-throughput (HT) and high-resolution
phenotyping tools has increased substantially. As a perennial plant, grapevines have very specific
requirements for HT phenotyping. Depending on the trait, it can be applied in laboratories or
greenhouses, but it is also very important under field conditions to rate the full phenotypic
variability of traits like yield or plant vigour throughout the season. For more than a decade,
researchers have strived to improve grapevine phenotyping by sensors and automation to
dissolve the phenotyping bottleneck. The core goal of the present review is the illustration of
promising and reliable opportunities for HT phenotyping in grapevine research and breeding.
Therefore, different imaging sensor technologies and their data analysis, including artificial
intelligence (Al), will be discussed, focusing on traits that are important for breeding new
grapevine varieties. However, the expected outcome of any HT phenotyping approach is
similar: transfer of a low-throughput method into an approach that acquires objective, precise,
and reliable data for plant evaluation with high spatial and temporal resolution. Furthermore,
the collection of large phenotypic data sets and their linkage with environmental or genomic
data will provide new or extended insights into the response of grapevines to biotic and abiotic
stresses and will significantly support the evaluation of traits, identification of new QTLs, or
implementation of breeding strategies like genomic prediction. These advancements offer
an improvement of precision and scalability within seedling selection and can additionally
contribute to increased sustainability in viticulture.

TN sensorbased phenotyping, digital trait defection, grapevine vigour, quantitative trait
locus (QTL) analysis, machine learning, imaging sensors, pre-breeding, Open GPB 2024
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HOW GRAPEVINE BREEDING
PROGRAMS WILL BENEFIT FROM HT
PHENOTYPING

The number of plants to be phenotyped and the complexity
of the traits are the two driving forces for improving
phenotyping technologies, both in grapevine breeding
as well as in the accompanying research. Simplified, the
workload during the season and time-consuming procedures
in the field mean that manual evaluations result in low
phenotyping throughput (i.e., limits in the number of data
points in time). Given the future challenges for viticulture
due to climate change and sustainability, viticulture will
have to plant new and better-adapted varieties in the long
term, regardless of the market aspects that have prevented
varietal change for a long time (Topfer & Trapp, 2022).
That requires more efficient breeding. Disease-resistant
grapevine varieties (PIWIs) are one important option
to face many of the worldwide challenges in viticulture,
like the demand for increased sustainability or adaptation
to a changing climate (Topfer & Trapp, 2022). Many
PIWI varieties show very good performance concerning
fungal resistance (powdery mildew, downy mildew,
black rot, and Botrytis) and save a considerable amount
of fungicides (50 to 80 %). Concurrently, only a few of
them are already well prepared for climate change, such
as Calardis blanc (VIVC No. 22828 with late budburst
(i.e., less endangered from late spring frost), medium sugar
accumulation (i.e., moderate alcohol content in the wine),
grape sunburn tolerant, Topfer & Trapp, 2022). Because
of that, grapevine breeding around the globe aims at
developing new PIWI varieties with combined resistance
against pests, fungal diseases, and bacteria, a better
adaptation to the changing climate, and high wine quality.
Traditionally, breeding new grapevine varieties is a long
endeavour as it can easily take more than 20 years from the
initial cross-to-market launch.

To speed up breeding, the use of trait-specific molecular
markers for Marker-Assisted Selection (MAS) is
meanwhile an established method to monitor the
underlying genomic regions (Topfer & Trapp, 2022). Thus,
in today’s breeding programs, MAS works excellently
to select seedlings shortly after germination for known
loci providing resistance against Plasmopara viticola
(Downy Mildew) or Erysiphe necator (Powdery Mildew),
allowing efficient breeding of mildew-resistant grapevines
(Topfer & Trapp, 2022). However, many more traits need
to be considered, like resistance to other biotic stresses
(e.g., Botrytis bunch rot, black rot), plant vigour, yield,
grape bunch health, phenology, or wine quality. They are
often very complex, and their polygenic nature and the
large impact of environmental factors result in a high
variability of phenotypic expression (Herzog et al., 2021;
Rist et al. 2018; Richter et al., 2019).

Additional trait-specific molecular markers for MAS
or new approaches like genomic prediction and novel
high-throughput (HT) phenotyping methods are needed

to facilitate an (early) negative or positive selection of
such quantitative traits. Low-throughput phenotyping is
insufficient for dissecting the genetic nature of such complex
traits. Phenotypic data are laborious to obtain by traditional
methods, they are of low resolution, and can be subjective
with hidden errors. Alongside other techniques, imaging
sensor technologies can provide an objective, non-invasive
view of the traits of interest. The application of suitable sensor
techniques for HT phenotyping follows the central objective
of increasing data collection (quantity) and improving data
accuracy (quality).

Today, a variety of imaging sensors are available for
applications in grapevine phenotyping. To realise the full
potential of HT phenotyping, both automated acquisition
as well as automated analysis of sensor data with high
accuracy and reliability are required. In recent years,
artificial intelligence (AI) has become the most powerful
data analysis tool for HT phenotyping, as it can process large
data sets from sensors to, for example, recognise disease
symptoms, quantify severity, and predict disease progression.
An established HT phenotyping offers:

— high degree of standardisation, independent from
experts;

— temporal and spatial high-resolution data, which are
objective, numeric, and reproducible;

— retrospective analysis;

— monitoring and kinetic studies;

— data-driven trait forecast by genomic prediction; and

— extended opportunities for targeted seedling selection by
studying Genotype-Environment-Interactions (G x E),
underlying molecular behaviours, and candidate genes.

One important area of application is the objective screening
of breeding material throughout the evaluation process in
the field (Vezzulli et al., 2019). Other major applications
of HT phenotyping in grapevine breeding research are
QTL (Quantitative Trait Locus) studies, fine mapping, and
the development of trait-specific molecular markers for
MAS (Vezzulli et al., 2019). In addition, HT phenotyping
methods offer new opportunities for genomic prediction
(Brault et al., 2024) and they can provide novel perspectives
on the plant’s behaviour by phenotyping proxies usable for
the selection of genotypes that are, for example, resilient to
biotic and abiotic stresses.

This review summarises relevant information related to
HT phenotyping and is divided into two main sections:
1) aspects that need to be considered when developing new
HT phenotyping methods; and 2) remarkable applications
in grapevine breeding research that show the promising
potential of merging both, imaging sensors and Al. After a
short definition of vocabulary and methods, selected studies
will illustrate the different sensor- and Al-driven strategies in
the laboratory and in the field.
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CRITICAL FACTORS THAT NEED TO BE
CONSIDERED FOR THE DEVELOPMENT
OF HT PHENOTYPING

1. Traits of interest and their specific requirements
for the experimental setup

Firstly, the scale and environment of phenotyping need to be
defined. HT phenotyping can be done on individual grapevine
organs or whole potted plants under controlled conditions in
the lab, growth chambers, or greenhouse, as well as in the
field (Figure 1). In general, five major categories of traits are
often considered for phenotyping in grapevine breeding and
research:

1. Morphology: dimension and shape of traits, for example
bunches, shoot position (upright).

2. Disease: percentage of disease symptoms on leaves or
anomalies of the canopy.

3. Phenology: time of bud break, flowering, or veraison.

4. Physiology: response to biotic and abiotic stresses,
water-use-efficiency, or nutrition status.

5. Quality: especially constituents of wine.

Prior to the development of a new HT phenotyping method,
several critical parameters need to be considered: variability
of the trait of interest, the environmental conditions of
phenotyping (lab, greenhouse, or field), the minimal number
of biological and technical repetitions per genotype, and the
aimed precision of the received data. Among phenotyping

environments, laboratory settings offer the highest level of
control, while field-based approaches often allow for higher
throughput (Figure 1). Regarding the spatial resolution, HT
phenotyping in the lab will give a detailed view of a trait for
previously selected genotypes (e.g., Malagol et al., 2025).
Trials in greenhouses will give information about disease
distributions within one plant, and field phenotyping
allows the evaluation of grapevines under natural growing
conditions in a vineyard (e.g., Liu et al., 2022b). The number
of repetitions typically depends on the phenotypic variability
of the traits, the accuracy of recorded sensor data, as well
as the number of genotypes targeted for phenotyping. For
example, yield-related traits such as flower number or
grape bunch development can be acquired via RGB images
taken at different developmental stages (e.g., pre-flowering,
pea-sized berries, or harvest maturity) under field conditions
(Di Gennaro et al., 2019; Palacios et al., 2020). These traits
often vary in colour, shape, and spatial arrangement between
genotypes. Further, the external conditions during image
capture can vary because of the weather (e.g., sunny, cloudy,
or rainy conditions) or the time of day. Especially for training
robust Al-based image analysis tools, a sufficiently large
number of replicates, ideally at least 100 images per object
class or genotype, is essential to ensure reliable prediction
accuracy (Muthukumarana & Aponso, 2020). Depending on
the phenotyping aim, one object class for yield can correspond
to a single berry, inflorescence, grape cluster, or entire plant
per image. This recommendation is supported by studies in
plant phenotyping and image classification, which indicate

HT phenotyping in controlled conditions

Research

- laboratory, growth chambers and greenhouse -

HT phenotyping in uncontrolled conditions
- field -

Pre-
defined
plant
material, e.g.| Single plant organs with artificial
leaf disks | background, e.g. detached leaves

Potted plants and
intact root system

Breedi{n_{_

—

|

Single plant organs Single in-field plants

flying, remote sensors

ground-based, proximal sensors |

Precision: spatial resolution of phenotypic traits

User-Interaction and labour

Phenotyping throughput: temporal resolution

FIGURE 1. Scales of high-throughput (HT) phenotyping for grapevine breeding-related research. Two types of
conditions can be used for the perennial grapevines: controlled or uncontrolled conditions. Both influence the spatial
and temporal resolution, but also the labour intensity. The usage of pre-defined plant material or single plant organs in
the lab lightens the acquisition of standardised sensor data but needs intensive user interaction, at least for sampling.
It facilitates investigations of the plant’s response to, for example, fungal infection, the detection of disease symptoms,
or phenotyping of individual traits. Greenhouse trials with potted plants allow for gaining information about biotic or
abiotic stress response within one plant, and field phenotyping allows for the evaluation of grapevines under natural
growing conditions in a vineyard.
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that fewer than 100 images per class can lead to reduced model
performance unless extensive data augmentation or transfer
learning is applied (Too et al., 2019). Alternatively, instead
of relying solely on full-object images, some approaches
focus on dividing high-resolution images into smaller sub-
regions or image patches. Working at the patch level can
substantially increase the number of training samples per
image and improve model generalisability, especially when
large annotated datasets (see digital reference data in section
“3. Reference data as a benchmark for method validation™)
are not available (Malagol et al, 2025). Patch-based
classification is particularly useful for detecting fine-grained
spatial features or localised stress symptoms and has been
successfully applied in tasks such as disease detection,
segmentation, or quantifying sunburn damage at the tissue
level. Moreover, this strategy enables more efficient data
handling and model training, especially when image
resolution exceeds the capacity of standard neural networks.

2. What sensor technology is suitable for
individual grapevine traits?

The targeted spatial resolution of HT phenotyping methods
strongly differs between the stated traits of interest and, of
course, the research question. The investigation of diseases,
for instance, can be done on a cellular level (phenotyping of
haustoria formation and mycelium growth) or on a field level
(phenotyping the disease distribution within one plant or
one vineyard). From a methodological point of view, sensor
applications can be conducted by proximal and remote
sensing approaches. While remote sensing is characterised
by using satellite- and unmanned aerial vehicle (UAV)-based
sensors (Di Gennaro et al., 2019; Shmuleviz et al., 2024),
proximal sensing includes all non-invasive ground-based
sensors. That involves steady (plant-to-sensor) and movable
sensors (sensor-to-plant), including handheld and sensors
on moving phenotyping platforms in greenhouses or the
field (Kicherer et al., 2017a). HT phenotyping in general
is possible by imaging and non-imaging, i.e., point-based
sensors like spectrometers (Ifiiguez et al., 2024). Hereby,
the spectral resolution goes from monochrome (one band),
RGB (three bands of visual light: Red-Green-Blue),
multispectral imaging (MSI; several selected bands like one
band for red light 520-600 nm, Table S1) to hyperspectral
imaging (HSI, several hundred bands frome.g., 400-2500 nm,
Table S1). In addition, thermal cameras and laser techniques
like LiDAR (Light Detection And Ranging) sensors are
used for HT phenotyping (Table 1; Chedid et al., 2023).
As visible in Table 1, single cameras recording RGB images
are the most common sensors used for HT phenotyping
studies. In combination with an automated data acquisition
(e.g., Bierman ef al, 2019) and robust automated image
analysis, this kind of HT phenotyping pipeline is feasible
in grapevine breeding because thousands of leaf disks from
different mapping populations or genetic repositories can be
phenotyped for molecular marker development.

However, the characteristics of the desired traits have to
be clarified accurately to select the most efficient sensor.
2D monochrome images will only be useful to extract

morphological traits like size and shape, and RGB images
will provide additional information about colour. Thus, 2D
RGB imaging is useful to investigate morphological traits,
phenology, and disease resistance with the appearance
of visual symptoms. The combination of 2D imaging
with structured light, also named structured-illumination-
reflectance-imaging (SIRI), enables the phenotyping of fruit
quality but is mostly applied on fruit crops (Lu & Lu, 2019)
and is a rare application on grapevines (Haucke et al., 2021).

Multi- and hyperspectral imaging (MSI, HSI) provide highly
informative sensor data. Because of that, HSI is a promising
technique validated for the pre-symptomatic detection or the
distinction of different viruses for monitoring approaches,
for example (Sawyer ef al., 2023). In contrast to 2D RGB
images (three wavebands per pixel), MSI and HSI acquire
additional spectral data per pixel (hyperspectral data cube
or hypercube) containing spectral (A) and spatial (x, y)
information (Sari¢ et al., 2022). Whereas HSI has a much
higher number of spectral bands than MSI (Table S1).
In general, each material is characterised by a specific
spectral signature (spectral fingerprint) resulting from
interactions of light (e.g., absorption, reflection, or
transmission) with the object of interest (Sari¢ et al., 2022).
Thus, water, green vegetation, or soil can be distinguished by
their individual spectral signature. Depending on the applied
hyperspectral camera spectral characteristics of visible
(Vis, 400-700 nm), near-infrared (NIR, 700-1100 nm) up
to short-wave-infrared (SWIR, 1100-2500 nm) wavebands
(Sari¢ et al., 2022) can be captured with spatial resolutions
of mostly 1 nm for Vis-NIR or 2 nm for SWIR. Hereby,
biochemical components, biotic and abiotic stresses, and
structural and physiological changes result in an alteration of
spectral signatures that can be detected using HSI. Vis-NIR
cameras are the most cost-efficient imaging sensors suitable
for experiments related to visible and even non-visible
traits, which have been used to characterise, for instance,
grapevine physiological traits (Sharma et al., 2024) or the
detection of endophytic diseases like grapevine yellows
(Bendel et al., 2020). However, HSI typically produces big
data that requires large storage facilities and high computing
power for its analysis (Bendel et al., 2020). Thus, if spectral
information is used for HT phenotyping in breeding, HSI is
important to detect relevant wavelengths, for example, for
disease detection (Bendel et al., 2020) that can be transferred
to specific MSI bands or indices.

In addition to 2D data and spectral data, further information
can be gained from 2.5D and 3D phenotyping techniques that
describe object geometry (Moreno & Andujar, 2023) and are
thus suitable for any research on canopy architecture, yield
parameters, or morphology. Especially in field phenotyping
approaches, 3D information can further be used for depth map
calculations to detect grapevines in the foreground and delete
any background pixels (Engler et al., 2023; Klodtet al., 2015).
3D point clouds can be generated directly by using, for
example, LIDAR. Another opportunity is the reconstruction
of 3D point clouds from 2D images using stereo images or
multi-view triangulation (Rist et al., 2018; Rose et al., 2016).
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Reconstructed 3D point clouds offer the advantage that
they provide colour information as advanced information in
addition to volume and geometry. However, 3D data of the
grapevine canopy or individual organs can be used to predict
vigour-related traits like leaf-area-index or pruning weight,
and yield.

3. Reference data as a benchmark for method
validation

One fundamental step regarding the development of any
sensor-based phenotyping method is the collection of
corresponding high-quality reference data. Reference data
represent the observed reality of phenotypic traits that
need to be characterised using objective, digital methods.
In general, two types of references can be distinguished:
digital reference data and ground truth. Digital reference
data can be obtained in a non-invasive manner from the
acquired sensor data. Therefore, human experts have to
label the phenotypic trait of interest by image annotations,
which means labelling, measuring, or counting the trait
of interest (Bierman ef al, 2019; Engler et al, 2023;
Rudolph et al, 2019). As soon as the accuracy of an
algorithm is sufficient, the method needs to be validated
with in-situ reference data, i.e., ground truth data. Ground
truth data should be collected by human experts applying
established protocols. This in situ phenotyping involves
mostly invasive methods like weight measurements of, for
example, pruning wood and grapes (Kicherer ef al., 2017b),
analytical quantification of leaf chlorophyll or nitrogen
(Bendel et al., 2024; Bodor-Pesti et al., 2023), or analytical
investigation of grape must (Gebauer et al., 2021). Further,
labour-intensive and low-throughput devices that are
applied in grapevine physiology studies to determine
stem water potential, chlorophyll fluorescence, stomatal
conductance or gas exchange, even represent tools to
acquire objective and reliable ground truth data for any
study on grapevine response to, for example, abiotic stress
(Fernandes de Oliveira et al., 2024). However, the valid
sample size is hereby defined by the variability of the trait,
its heritability, the number of environments, the quality and
resolution of ground truth and sensor data, as well as the
analysis algorithm (see examples given in Table 1).

4. Artificial intelligence: basic knowledge that
needs to be taken into consideration

Al in general is embedded into the field of data science
(= data-driven extraction of knowledge) and is subdivided
into classical programming and machine learning (ML)
(Choi et al., 2020). In contrast to classical programming,
where the model is developed by human experts, ML
determines the model based on input data (e.g., sensor
data) and associated outputs (e.g., reference data), i.e., the
computer learns a model describing the relationship between
both (Choi et al., 2020). Choosing ML for HT phenotyping
approaches mainly requires training of the algorithm by
feeding the model with sensor data (input) and corresponding
reference data.

Although different learning methods are available, supervised
and unsupervised learning are the most commonly applied
ones in grapevine studies (Gatou et al., 2024). Unsupervised
learning does not require any training data, which is an
advantage in terms of labour and can be used to recognise and
categorise patterns in data sets (Choi ef al., 2020). Principal
component analysis (PCA) is an unsupervised method that
can be used to study patterns of associated traits to detect
trade-offs or to evaluate the structure of mapping populations
within genetic studies (Xavier ef al., 2017).

In the field of plant research, grapevine and beyond,
supervised ML is one of the most used branches of Al
(Gatou et al., 2024) applied for regression analysis and
modelling (Damasio et al, 2023; Rist et al, 2019),
classifications (Gutiérrez et al., 2018) as well as computer-
assisted evaluations (Fernandez et al., 2024). For many
simple applications within HT phenotyping of grapevine
traits (Table 1), for instance, support vector machines (SMV),
t-distributed stochastic neighbour embedding (t-SNE),
random forests (RF), or k-nearest neighbour (k-NN)
could successfully be used for feature extraction and
classification (Gatou et al, 2024). Due to the increased
availability of computing power in recent years, the
application of Deep Learning (DL, sub-branch of ML) and
artificial neural networks (ANN, especially convolutional
neural network (CNN) for image analysis) has proven to
be a very promising tool for sophisticated applications in
plant breeding and research. DL algorithms, particularly
ANNS, can achieve generally high accuracy, often exceeding
80-90 %, specifically in disease detection and classification
tasks, which is important within the establishment of new
sensor-based methods (see Table 1). In general, different
CNN architectures are available and have been applied for
HT phenotyping approaches in grapevine, such as ResNet,
AlexNet, or VGGNet, to identify grapevine varieties and
ampelography from leaf images (Magalhées et al., 2023) or
detect several traits like the berry number or pedicel length
(Grimm et al., 2019; Zabawa et al., 2020). The detection
of berries to estimate the grape bunch architecture, for
instance, was also conducted by vision transformer-based
methods such as the segment anything model (SAM)
(Torres-Lomas et al., 2024).

The term computer vision is often used in the context of HT
phenotyping. Computer vision is just a cross-sectional topic
of Al using the different methods of Al as explained above to
process visual information. As reviewed by Li ef al. (2020),
it has revolutionised plant phenotyping regarding trait
prediction from imaging sensor data, for instance. However,
in general, different types of tasks (e.g., regression or
classification) or modalities (e.g., point measurements or
images) can be distinguished. With regard to that and based
on several laboratory and in-field studies (Macia ef al., 2024;
Rudolph et al, 2019; Underhill et al, 2020;
Zendler et al., 2021), the development of an Al-driven HT
phenotyping framework using ML or DL involves six steps:

(1) Acquisition of sensor and ground truth data; (2) Division
of the whole data set into training (70 %) and test data;
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(3) Training and performance test; (4) Model selection;
(5) Result validation; and (6) Application on new data, for
example, in another season or from other genotypes.

HIGH-THROUGHPUT PHENOTYPING
UNDER CONTROLLED CONDITIONS

The most invasive fungal diseases in viticulture are powdery
and downy mildew. Thus, resistance (or susceptibility) to
both diseases is of utmost interest in breeding programs and
grapevine research (Vezzulli et al., 2019). The development
of automated phenotyping pipelines can be supported by
realising a high degree of standardisation. This requirement
can be ecasily fulfilled by sensor data acquisition under
controlled conditions in the laboratory, growth chambers,
and the greenhouse with standardised illumination settings
or artificial backgrounds. In these applications, potted
vines or clearly defined individual organs, like detached
leaves or grapes, are used, which are sampled in the field.
HT phenotyping under controlled conditions focuses on:
(i) the development of objective tools for the accurate
measurement of phenotypic variation with improved precision
and throughput, and (ii) the usage of that information to
identify new QTLs and linked molecular markers of interest
for MAS.

1. Evaluation of biotic stress resilience under
controlled conditions

Laboratory-based phenotyping remains crucial regarding
diseaseresistance,ingeneral,tocharacterisenovelresistanceand
understand resistance mechanisms. Laboratory phenotyping
not only eliminates environmental dependencies but also
enables high-resolution analysis of traits such as disease
severity and pathogen dynamics (Macia et al, 2024).
As visible in Table 1, leaf disc assays are often applied as
a reliable method for phenotyping the resistance against the
two most harmful grapevine pathogens (powdery and downy
mildew). In the past, the throughput and consistency of the
tests were limited due to low-throughput phenotyping such
as visual scoring or microscopic quantification, which are
labour-intensive, time-consuming, and rely heavily on the
availability of experienced staff.

Since automated imaging systems like the Blackbird
Imaging Robot (Moblanc Robotics, Binéfar, Spain) and
Al-driven algorithms have found their way into grapevine
HT phenotyping, they have revolutionised both precision
and scalability (Reisch et al., 2023). Significant advances
could be achieved for leaf disk assays using RGB imaging in
order to detect and quantify powdery (Bierman et al., 2019;
Qiu et al., 2022) or downy mildew (Macia et al, 2024,
Zendler et al., 2021). The biggest advantage of phenotyping
leaf disk assays using automated image capture and analysis
is the throughput, as thousands of individual leaf disks can
be screened in a fully comparable, standardised environment
(Table 1). Although leaf disk assays work reliably for both
mildew fungi, diagnostic screenings regarding black rot,
grapevine yellows, or viruses need phenotyping of detached

leaves or potted vines (Table 1). In HT phenotyping,
either healthy potted plants that were inoculated with one
pathogen were used, or detached leaves from naturally
infected grapevines in the field were examined, as shown by
Elsherbiny et al. (2024). Using RGB imaging is one cost-
efficient way to clearly distinguish different disease symptoms
visually, for example, the ‘“shot-hole” appearance of
Anthracnosis (Li et al., 2021) versus the necrotic lesions with
a darker ring of black rot, both on the adaxial side of leaves.
In that regard, Nagi and Tripathy (2022) used the open-source
RGB image data set “Grapevine Disease Images” (www.
kaggle.com) to develop CNN-based diagnosis algorithms for
black rot, black measles, and leaf blight. However, the reliable
usage of RGB images is sometimes limited, especially when
symptoms of one disease are very similar to another disease
(e.g., sporulation of downy and powdery mildew) or similar
to nutrient deficiencies (e.g., grapevine leaf roll virus and
magnesium deficiency). Here, hyperspectral imaging (HSI)
or hyperspectral spectroscopy (point measurement)
capturing the whole spectral information of Vis-NIR and
SWIR wavelength bands can be used. Recent studies have
shown that combining both ML and HSI offers innovative
solutions for early disease detection (Table 1). Hereby, the
spectral signatures of infected detached leaves, grapes or
plants were investigated in comparison to healthy controls
under standardised laboratory conditions as it was shown
for the early detection of downy mildew on leaf disks
(Hernandez et al., 2024), powdery mildew infections on
grapes (Pérez-Roncal et al., 2020), the detection of different
viruses on detached leaves (Sawyer et al., 2023) or grapevine
yellows on potted plants (Bendel et al., 2020). All of these
developments represent the beginning of a shift in grapevine
pathology, leveraging ML and DL models to enhance the
accuracy and efficiency of disease detection.

2. Evaluation of abiotic stress resilience under
controlled conditions

Although HT phenotyping of grapevine response to heat
waves and/or drought is mainly focused on field applications
(Carvalho et al., 2021), few approaches independent from
the environment have recently been published. As roots are
essential for water and nutrient uptake, they also mediate
resilience to biotic and abiotic stresses, like drought, salt, or
chemicals (Ollatetal., 2023). HT phenotyping of the grapevine
root is comparably rare, but the application of rhizotrones,
RGB imaging, or pX-ray Computer Tomography (CT)
could be shown as a promising method under greenhouse
conditions to phenotype root architecture or morphological
characteristics (Fichtl et al., 2023; Krzyzaniak et al., 2021,
Schmitz et al., 2021). Schmitz et al. (2021), for instance,
could show differences in root growth between sandy and
clay soils, which is important information within rootstock
selection. Besides the root architecture, Ollat et al. (2023)
have mentioned further important traits and strategies
that need to be considered for the selection of climate-
adapted genotypes. That involves, for instance, the plant
response to water deficit or the response of rootstocks to
heat and salinity treatments that were investigated using
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greenhouse phenotyping platforms or hyperspectral imaging
(Ollat et al., 2023). Considering leaf pigments (especially
leaf chlorophyll content) that can be measured using RGB
or spectral sensors, facilitates phenotyping the plant response
to applied abiotic stress, like cold or heat. A decrease in
chlorophyll content and activity is a valid indicator of plant
stress in general (Bodor-Pesti et al., 2023).

3. Objective description of fruit characteristics

The density and morphological architecture of the grape
bunch are some of the most important traits for wine grape
breeding. In breeding research, the grape bunch, therefore,
represents an important proxy for resilience to Botrytis
bunch rot in wine grapes and, of course, for fruit set and
yield. For decades, it has been known that medium-sized
berries and a loose grape bunch architecture are linked
to the reduced risk for Botrytis bunch rot infection, and
breeders worldwide visually select for these traits (Tello
& Ibafiez, 2018). Although several QTL studies were
published for grape bunch architecture-related traits, trait-
specific molecular markers reliable within highly variable
breeding material for MAS are not available, yet (Tello &
Ibafiez, 2018). One reason is probably the highly variable
nature of this quantitative trait, which is characterised by a
compilation of several sub-traits, like the length of rachis
and pedicels, the number of berries per rachis length unit, or
berry size (Richter et al., 2019; Tello & Ibafiez, 2018). The
usage of consumer cameras for RGB image capture under
standardised settings is easier to handle and cost-effective,
and thus, often applied for objective phenotyping of grape
bunch traits (Grimm ef al., 2019; Lopes & Cadima, 2021;
Torres-Lomas ef al., 2024; Underhill ef al., 2020). Because of
the three-dimensional nature of grape bunches, RGB images
just enable the phenotyping of visible traits. Hidden berries
or traits like rachis length cannot be determined within an
intact bunch. Destemming of berries and image acquisition
of individual traits is one opportunity to overcome that
limitation, but it is labour-intensive and conclusively restricts
the sample size (Richter et al., 2019). Furthermore, it is
possible to estimate hidden parts using predictive regression
models to receive all phenotypic information from partial
sensor data (Rist et al, 2019). Xin and Whitty (2022)
went another step further by using just one RGB image
to reconstruct visible and non-visible berries using the
mathematical tools of constraint-based optimisation and
reconstruction grammar. This method seems to be feasible
for selected varieties but might be challenging for highly
variable breeding material.

However, the application of 3D sensors capturing the
whole 3D structure is a popular approach to phenotyping
these out-of-sight traits. First of all, different 3D sensor
techniques are available on the market, starting from
low-cost and lower-resolution RGB-D (Red-Green-Blue-
Depth) cameras up to sensors providing high-resolution
3D point clouds. Liu et al. (2022a) for instance generated
full 3D reconstructions of individual grapes using 3D
point clouds captured with the RGB-D camera Kinect®v2

(Microsoft, Redmond, USA; scanning accuracy of 2 mm)
and Parr et al. (2022) investigated the precision of grape
phenotyping comparing different RGB-D cameras with high-
resolution LiDAR, a typical sensor to measure distances
and depth. Further opportunities are a near-range laser
scanner with the highest scanning accuracy of 0.024 mm
or the optical 3D Scanner Artec® (Artec 3D, Sennigerberg,
Luxembourg) using multi-view triangulation with an
accuracy of 0.05 mm (Rist e al., 2018). The application of
one 3D scanner operated by a trained person enables 3D data
acquisition from approximately 30 grape bunches per hour.
An automated pipeline for data analysis generates precise
and numeric phenotypic data, like berry number, berry sizes,
and grape bunch volume, and facilitates phenotyping of
4,500 individual grape bunches per season (Rist et al., 2022).
These high-resolution 3D point clouds of grape bunches
(captured with a laser scanner or optical 3D scanner) can
also be applied for constraint-based reconstruction of hidden
traits related to grape bunch density, like rachis and pedicels
length (Mack et al., 2020).

HIGH-THROUGHPUT PHENOTYPING
OF GRAPEVINES UNDER FIELD
CONDITIONS

Grapevines are perennial plants that set their first fruits
around three years after planting in the field. Consequently,
evaluation studies of fruit and canopy characteristics,
phenology, as well as studies about yield or abiotic stress
resilience, need plants growing under natural conditions in
the field. In grapevine breeding, field phenotyping begins
when vines are planted in the field. In the following years and
stages (pre-test, intermediate, and main test), seedlings will
be selected dependent on their overall appearance regarding
yield, ripening time, general vitality (disease, vigour,
nutritional status), viticultural traits, such as wood maturity
or growth habit, as well as a focus on wine quality (Topfer
& Trapp, 2022). Especially within the advanced breeding
stages of intermediate and main testing, HT field phenotyping
would improve the evaluation process due to objective and
reliable screenings. In addition, HT phenotyping opens
up the possibility of having a retrospective view of the
genotypes throughout the previous years with differing
environmental conditions before deciding to take a genotype
to the next breeding stage. In grapevine breeding research,
the traits of interest are more or less the same. Equal to the
controlled screenings e.g., for disease resistances in the lab,
field screenings aiming at phenology, yield or plant vigour
within genetic resources, breeding material or bi-parental
mapping populations also generate phenotypic data that are
useful for genome-wide association studies (GWAS), QTL
mapping or genomic prediction (Brault et al., 2024). For
example, LIDAR measurements have been used to calculate
canopy characteristics on which genetically associated
regions could be detected (Chedid et al., 2023). In contrast
to precision viticulture, in breeding and breeding research of
the grapevine, the detection and quantification of phenotypic
traits from individual plants in the field is absolutely required.
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The assignment of sensor data to individual grapevines is
usually done by parallel recording of Global Navigation
Satellite System (GNSS) data. Since grapevines often
develop a continuous canopy due to the way they are trained,
the partial acquisition of plant parts from neighbouring
plants in images cannot be completely ruled out. Although
remote sensing techniques are frequently favoured within the
field of precision viticulture, in grapevine breeding and its
research, most traits need to be examined from a side view of
individual grapevines growing side by side in the field. Thus,
field phenotyping applications need to be carried out either
using proximal sensing techniques or, if remote sensing is
used, 3D reconstruction of the canopy is helpful. Fast and
inexpensive field phenotyping platforms are an advantage,
but pipelines with simple single-lens reflex (SLR) cameras
can already be advantageous and provide added value.
It does not always have to be a fully automated process,
which is often very expensive, even if this reduces the
frequency of errors and increases the throughput. Image
data analysis from images acquired in the field by proximal
sensing (side view) encounters different challenges
depending on the feature being evaluated and the time of
capture in the vegetation, for example, lighting conditions,
background (ground, sky, other vines), variation of the
feature (e.g., berry shape and colour), and occlusion by leaves
and grapes (Kicherer ez al., 2017a). The background can be
problematic in early vegetation stages and is overcome, for
example, by photogrammetric methods such as the use of
stereo vision (Klodt et al., 2015).

1. Yield and other viticulture traits

Besides studies on disease resistance, yield parameters are by
far the most studied quantitative traits, simply because yield is
a key trait in viticulture, and as a morphological trait, it can be
detected using RGB imaging (Table 1). Yield parameters that
have been investigated non-destructively directly in the field
include the number of shoots (Liu ef al., 2017), the number
of inflorescences (Moreira et al., 2025; Palacios et al., 2020;
Rahim et al.,, 2022; Rudolph et al.,, 2019), the number of
bunches (ffiiguez e al, 2024), bunch features like berry
number or bunch length (Liu et al., 2022a; Rist et al., 2019),
berries (Zabawa et al., 2020) as well as their size
(Engler et al., 2023). Besides berry counting, it was shown
that it is possible to detect and quantify flowers prior to
opening using RGB images from a consumer camera
(Moreira et al., 2025; Rudolph ef al, 2019) or mobile
platforms (Palacios et al., 2020; Rahim ef al., 2022). In those
studies, the detection and quantification of flowers is applied
as a strategy of yield prediction and could be further used to
quantify flower abscission by comparing the flower number
with the berry number at fruit set. However, for the selection of
grapevines in an early breeding step, it is sufficient to simply
divide the genotypes into different yield classes according to
the pixel area of the berries per vine. Thresholds for under-
and over-yield, like the “grape bunch-pruning wood ratio”,
could be determined and used as the selection criteria for very
simple and fast image analysis using simple RGB sensors
(Kicherer ef al., 2017b). Visible berries have been shown to

be good predictors of yield, but the occlusion of grapes and
leaves needs to be taken into account (Kierdorf et al., 2022).
However, the best results are obtained when the bunch zone
is defoliated (Kierdorf ef al., 2022). Overall, defoliation of
the grape bunch zone can improve image data acquisition
in high-throughput phenotyping by increasing the visibility
of grapes and berries, reducing shadowing as shown by
[fiiguez et al. (2024) and Kierdorf et al. (2022), and thus
improving image quality and more effective capture
of, for example, the yield trait. However, the potential
disadvantages, particularly the risk of sunburn damage and
overexposure, must be carefully considered. A balanced
defoliation strategy that both leverages the benefits of high-
throughput phenotyping and minimises the risks of altering
the grapevine’s growth conditions is crucial for successful
application in phenotyping.

Viticulture traits like growth habit, canopy structure, and wood
maturation are further traits that need to be evaluated during the
breeding process (Topfer & Trapp, 2022). Klodt et al. (2015)
used RGB image pairs to compare the visual leaf areas of
two breeding lines with traditional cultivars and showed
that phenotypic applications to monitor plant growth and
fruit-to-leaf are possible. Kicherer et al. (2017b) showed
an image-based approach to evaluate pruning mass as a
highly valuable tool for grapevine research and grapevine
breeding that has facilitated an objective evaluation of the
yield:wood ratio. Furthermore, LiDAR technology facilitates
high spatial and temporal resolution and thus facilitates
investigations of canopy characteristics and vine growth
(Chedid et al., 2023). The throughput and accuracy are
high enough that Chedid et al. (2023) successfully applied
it for QTL mapping. Moreover, the tool might be useful
for industry and grapevine breeding programs to monitor
vegetative and generative biomass and evaluate grapevine
balance as done by Kicherer et al. (2017b). Even more
specific recommendations for action, such as the selection
of woody grapevines for propagation, could be derived
from this.

2. Phenology

Due to climate change, extreme weather conditions such as
late spring frosts shortly after bud burst and earlier ripening
periods in warm and wet environmental conditions are
becoming a challenge for viticulture in many wine-growing
regions across the world and are therefore also relevant for
breeding programmes. The detection of phenological stages
such as bud burst, flowering, veraison, and ripening is
becoming increasingly important. To detect the date of these
stages, a combination of temperature sums and sensors could
be used, as shown for the detection of bud bursts using SLR
images by Herzog et al. (2015).

Detecting the time of flowering, defined as BBCH 65 (50 %
of flowers per inflorescence open = OIV descriptor 302), is a
developmental stage more difficult to detect because of the fine
structure of flowers and a comparable low spatial resolution
in images. To the best of our knowledge, no study has been
published using HT phenotyping for flowering detection, yet.
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However, as it was shown that it is possible to quantify
closed flowers using RGB images (Moreira et al., 2025;
Rudolph et al.,, 2019) for yield prediction, RGB images
could also be used to detect flowering time. Therefore, the
visible changes in colour, as well as geometry between
closed flower buds (clearly defined, green sphere/circles) and
blossom flowers (fine structures of anthers with yellowish-
white colour), could be used for image-based detection of
flowering. To monitor flowering time with the mentioned
proximal sensing would require multiple screenings, as
the time of flowering varies depending on the genetic
background of the breeding material and the environmental
growing conditions. In addition, the spatial resolution of
the sensor system used would have to be considered here,
as the object size of individual flowers is very small, at just
a few millimetres. However, this “discolouration” is also
very variety-dependent and does not always appear equally,
which could be a further challenge. One could imagine that
the area performance of data acquisition could be better
achieved to meet the breeder’s scaling requirements by using
remote sensing, for example, the use of drones. However,
the spatial resolution of the sensor would also have to be
considered here.

Veraison is another very relevant phenological stage, which
is described by OIV 303 as the softening of the berry and
the onset of berry ripening. Almost simultaneously, red
varieties change the berry colour. Detection of colour is
possible using RGB imaging, although detecting the change
of colour (veraison) will be more challenging for white-
berried grapevine genotypes than for black ones. Detection
of the right time point of colour change will require multiple
measurements of the same set of genotypes over several days
and weeks. The environment, and especially the changing
light conditions in the field, will be the most challenging
part of correctly detecting the time of ripening. The non-
destructive detection of ripening will be feasible using
handheld spectral sensors (Gebauer et al., 2021), fluorescence
sensing (Tomada et al., 2022) in the field or on-the-go HSI
(Fernandez-Novales et al., 2021). But comparable to low-
throughput phenotyping, repetition of the measurement will
be required. Rinaldi et al. (2013) had a slightly different
approach. To determine the grapevine’s BBCH stage, they
characterised the canopy geometry and linked relationship
between tree row volume (TRV) and leaf wall area (LWA)
detected using a LIDAR sensor to each growth stage. Showing
that the relationship between the estimated values of TRV
and LWA and the growth stage was statistically significant.
It remains to be seen whether the detection accuracy of this
method is capable of resolving the exact veraison time point
to distinguish individual genotypes and thus be of effective
use in breeding.

3. Vitality and vigour of the grapevine canopy

Grapevine vitality describes the health, functionality, and
performance of the plant, meaning how “fit” it is, independent
of pure vigour. Characteristics that describe vitality include,
for example, water and nutrient supply, photosynthetic

activity, existing disease pressure or abiotic stress, and even
development. Vigour, on the other hand, describes a plant’s
growth potential—specifically, how strongly and quickly it
grows (e.g., shoot length, number of leaves, foliage density).
Plant performance under several stress conditions, disease
resistance, a balanced fruit:leaf ratio, optimal yield, and high
wine quality are key parameters for both vitality and health.
Grapevine vigour is often determined by flying sensors,
especially UAVs, and used to estimate vigour-related traits,
like yield or wine quality (Table 1). Regarding grapevine
vitality, it is essential to distinguish demands in grapevine
breeding from those in grapevine breeding research.

4. Breeding

In the earliest stage of grapevine breeding, seedling selection
is based on the evaluation of the overall behaviour of
grapevines. The simplest strategy for HT field phenotyping
is thus, screening seedlings and classifying them into
“healthy” or “not healthy” genotypes without differentiation
or quantification of individual symptoms, as exemplarily was
shown by Miranda et al. (2022). It will, for example, give
sufficient initial information on how good disease resistance
QTLs work in a natural environment over several years with
different conditions and disease pressure.

5. Breeding research

However, in grapevine research, it is needed to differentiate
symptoms of non-healthy plants, quantify different diseases,
as well as evaluate different plant organs. The individual
detection of biotic and abiotic stresses or the nutritional status
of grapevines has been done using multi- or hyperspectral
sensors. MSI and HSI take changes in the spectral reflectance
due to chemical changes in leaves and berries, their pigment
content, organ structure, leaf nitrogen, water status, and
stress markers into account. As the most important diseases
in viticulture are powdery mildew and downy mildew,
their investigation is rather done in lab experiments than
in field trials (see section above). However, regarding the
identification of novel resistance donors, HT field screenings
of germplasms are promising. RGB imaging proved
useful for diagnostic approaches and symptom detection,
as shown for downy mildew (Liu et al, 2022b), but also
hyperspectral imaging enables the assessment of reflectance
variation caused by infections with, for example, powdery
mildew (Vélez et al., 2024). Another important example of
disease detection in the field is the detection of endogenous
diseases such as grapevine yellows and viruses. They are
transferable through vegetative propagation and grafting, no
natural resistances are known, and until today, no curative
treatment is possible in the field. Therefore, the management
of these diseases is based on prophylaxis to produce
healthy plant material during propagation, and, therefore,
also of big interest for grapevine breeding. Screening is
done by visual monitoring, random molecular checks, and
clearing of infected vines. Often, the latency periods and
asymptomatic plants at the time of visual monitoring are
challenging. Bendel ef al. (2020) developed HSI-based HT
phenotyping approaches for the detection of endogenous
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diseases, demonstrating that the detection is possible even in
pre-symptomatic grapevines in some cases. In these studies,
specific wavelength bands could be identified as relevant for
disease detection and thus are supportive in distinguishing
different diseases. Here, reliable wavelength bands can be
used to derive specific plant indices describing the phenotype
(for review, see Xue and Su (2017)). The most commonly
used index in plant science and precision viticulture is the
“Normalized Difference Vegetation Index”, abbreviated
as NDVI (NIR — RED/NIR + RED). It is very useful to
characterise vegetation vitality by measuring the difference
in reflection between near-infrared (strongly reflected by
healthy plants) and red light, which is absorbed by them.
In general, NDVI ranges from —1 (pure water) to +1, but for
plant research, only values between 0 and +1 are relevant.
Hereby, values closer to 1 indicate a larger surface of green,
healthy vegetation, and values closer to 0 can be observed
capturing, for instance, senescent leaves or non-vegetated
surfaceslikesoil. Thatmeansthehigherthe values, thehealthier
the plants. Correlations of NDVI and diseases have been
shown, for example, for viruses (Sinha et al., 2019) or were
shown as a promising indicator for grape berry maturation,
vigour, and subsequent grape yield (Shmuleviz et al., 2024).
However, most of the published applications for NDVI
belong to precision viticulture, and the spatial resolution for
breeding and breeding research of these methods is often
too low. Conclusive, extended research is needed on the
differentiation and quantification of single symptoms when
occurring mixed on single grapevines in the field.

Finally, the detection of abiotic stress symptoms using HT
phenotyping has become increasingly important for grapevine
breeding and viticulture. Methods combining sensors and
machine learning have significantly enhanced precision
and shown promising results in water stress detection and
monitoring (Abbatantuono et al., 2024). HSI and MSI, in
particular, have emerged as powerful tools for detecting and
quantifying abiotic stress in viticulture (Carvalho ef al., 2021)
and it was further successfully used to detect water stress,
nutrient deficiencies, grape maturity, and heat stress in
grapevines (Diago et al., 2022; Kang et al., 2024).

CONCLUSION

Nowadays, different sensor technologies and promising Al
tools are available for the HT phenotyping of grapevines.
New sensor-based pipelines have been developed for more
and more traits analysed in the lab, greenhouses, and fields,
improving QTL mapping, knowledge about grapevine’s
resistance, and the evaluation of breeding material and new
PIWI varieties. From a technical point of view, new sensor
technologies have been validated for their application in
non-invasive and fast phenotyping of challenging traits like
physiological responses to abiotic stressors. Additionally,
new, mostly ANN-based algorithms have been developed
aiming at an automated, reliable analysis of sensor data.
Both facilitate technical solutions to: (1) overcome the
phenotyping bottleneck in grapevine breeding research and
pre-breeding; (2) provide objective, precise phenotypic

information with high spatial and temporal resolution; and
(3) speed up grapevine breeding due to a faster development
of new molecular markers for MAS as well as an improved
evaluation and selection of seedlings.

In the future, grapevine breeding, for instance, could use HT
field phenotyping that could collect and store sensor data at
thespeed ofagriculturalmachinery withhighspatialresolution.
Therefore, we can be sure that advancements and further
developments are an ongoing process, and that computing
power or technical infrastructure, be it hardware, software,
or data transfer, will be continuously improved over the years
to face that demand. That could be shown successfully in the
last decade by the published advances in promising proofs-
of-concept for a wide range of imaging and non-imaging
sensors, platforms, and phenotypic characteristics. In
addition, phenotypic data as well as the collection and storage
of data need to be FAIR (findable, accessible, interoperable,
and reusable) and robust throughout the pipeline. To achieve
this, it would be beneficial to identify companies to develop
phenotyping pipelines and provide technical support and
adjustment of the system over time. Further, the exchange
of knowledge, data, and Al models is of much importance,
as challenges might limit the use and effectiveness of HT
phenotyping. Al models hereby especially depend heavily
on high-quality training data representing trait diversity. To
the best of our knowledge, no standardised datasets (covering
different varieties, vineyards, and environments) on, for
example, different grapevine diseases, are available yet,
which makes it difficult to use these tools widely across
different vineyards. To overcome these limitations, future
research needs to focus on creating affordable, reliable
tools tailored to various vineyard conditions. Open-
source datasets and collaborative platforms could speed
up Al improvements and make these technologies more
accessible. All of the stated points can be faced due to
building an emphasised, collaborative phenotyping network
within the community of grapevine (breeding) research in
order to facilitate the exchange of data, i.e., providing sensor
data and corresponding ground truth.

From a breeding point of view, there is also room for several
improvements regarding traits that need to be evaluated
objectively using HT phenotyping. That involves:

— New proxies for (i) greenhouse plants to foresee their
performance in the field (e.g., canopy architecture) or
(i1) complex, quantitative traits that mediate resilience to
biotic and abiotic stress (e.g., physical-mechanical traits
of berry skins).

Sensor-based applications predict wine quality by
screening grapevine plants, respectively, the grapes on
the plant directly in the field.

Extended research to distinguish between disease
infections and nutrition status based on spectral
imaging or improved Al-driven algorithms. Furthermore,
it needs to be considered that the relevance of spectra
may vary extremely between different years, making
several years and locations of field observation necessary
for reliable conclusions.
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Advanced HT-phenotyping using sensors and Al combined
with omics data-like genomics and metabolomics will finally
provide deep insights into grapevine response to biotic and
abiotic stresses, as well as supporting predictive breeding and
supervising decision support systems. These advancements
would not only enhance the precision and scalability of
seedling selection in viticulture but also contribute to more
sustainable and resilient grapevine cultivation practices.
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