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A B S T R A C T   

Botrytis cinerea is one of the most destructive diseases for Vitis vinifera, and grape bunch morphology plays a 
crucial role in grey mould infection. However, the common visual evaluation technique for assessing bunch 
compactness suffers from a lack of sensitivity and objectivity. This study proposes a standardised digital twin 
shape analysis to evaluate the morphology of grape bunches. Seventeen Pinot Gris and six Pinot Noir clones were 
considered. The grey mould severity was evaluated in the field. Fully ripened bunches (138) were gathered and 
then photographed at different angles. Digital twin reconstruction was carried out using the photogrammetry 
technique. Several measures and indices were extracted from each digital twin. Principal component analysis and 
multiple linear regression models were applied to identify the descriptors most related to grey mould symptoms. 
The results revealed that the most significant factors include the berries density, the estimated empty volume, 
and the bunch width. These results show that digital twins are a suitable tool for estimating grey mould infection 
risks. Two linear models, divided into 2D and 3D descriptor models, were proposed. The R-squared value and the 
root mean square error were compared between the models. For Pinot Gris, from the 2D to the 3D models, the R- 
squared value rose from 0.656 to 0.838, while the error decreased from 1.713 to 1.175. In Pinot Noir, the 2D 
model did not provide sufficient robustness, while the 3D model had an R-squared value of 0.936 and an error of 
0.290.   

1. Introduction 

Classifying Vitis vinifera varieties requires the observation and eval
uation of many plant features. Bunch morphology is critical in classi
fying and describing Vitis vinifera varieties and different clones within 
the same variety. Bunch length, bunch width, peduncle length, density, 
bunch shape, number of wings, and bunch compactness are the primary 
descriptors proposed by the Organisation Internationale de la Vigne et 
du Vin (OIV). Additionally, the bunch’s shape and compactness notably 
influence juice quality, pest infestation, and pathogen infection (Blank 
et al., 2019). In particular, the relationship between bunch compactness 
and grey mould (Botrytis cinerea) has been deeply investigated (Hed 
et al., 2009; Kocsis et al., 2018). Grey mould is one of the most 
destructive fungal diseases affecting many fruit crops, especially 

grapevine. Botrytis cinerea is the necrotrophic organism responsible for 
grey mould disease. The infection can occur from the flowering to the 
ripening stages of flowers and fruits (Ky et al., 2012). 

Grey mould can ruin grape juice and, consequently, can undermine 
wine quality. According to Stummer et al. (2003), Chardonnay grapes 
affected by grey mould produced wines with a mouldy aroma and a 
lower value of total soluble solids as compared to test bunches. In the 
case of red wine, chemical analysis has shown an oxidation change in 
wine with a lower value of overall anthocyanins, a higher volatile 
acidity, changes in colour and flavour, and crucial difficulties for wine 
ageing (Ky et al., 2012). Furthermore, the protein produced by Botrytis 
cinerea can adversely affect the foam stability of sparkling wine, as 
stated by Marchal et al. (2020). 

Botrytis cinerea is an enphytotic pathogen that occurs virtually every 
season in wet and cool continental regions (Molitor et al., 2016). Since 
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climate plays a crucial role in grey mould severity, the microclimate 
throughout the vine canopy must be considered to prevent grey mould. 
Dense vegetation promotes humidity inside the plant canopy and wet 
microclimate conditions encourage grey mould to spread among grape 
clusters (Bem et al., 2015). Basal leaf removal is an affordable technique 
to increase airflow exchange, allowing sunlight to reach the grape 
bunches and shaded organs within the vine canopies (Würz et al., 2020). 
“Early defoliation” is the term for leaf removal that occurs from the 
preflowering to flowering stages. Early defoliation has been found to 
induce carbon deprivation in flowers, causing an energy shortage for 
fruit set (VanderWeide et al., 2021; Lebon et al., 2004) and reducing 
bunch compactness (Poni et al., 2006; Tardaguila et al., 2012). 

Fungicide spraying plays a key role in preventing Botrytis cinerea 
infections. However, fungicides can have many secondary and adverse 
effects, such as promoting the selection of resistant fungal strains (Ler
oux & Tisseyre, 2019). In addition, the environmental policies of 
different countries state that pesticide application must be used as a last 
resort in pest management decision-making (Parliament, 2009). 

Moreover, for decades, genetic selection has been attempted to 
identify clones among the most widely cultivated varieties that have 
traits of grey mould resistance (Artem et al., 2014). 

Currently, grape bunch morphology description follows the OIV 
technical standard (OIV, 2009). In particular, descriptor 204 provides a 
guideline for classifying bunches based on a visual evaluation. However, 
the OIV technical standard proposes a visual assessment that requires a 
skilled evaluator and is time-consuming without taking into account 
specific bunch traits (Rist et al., 2018). Several authors have stated the 
need for an objective method for bunch compactness assessment based 
on bunch morphology to avoid human errors (Gatti et al., 2012; Palliotti 
et al., 2011; Tello & Ibáñez 2014, 2018). For this purpose, sensors and 
morphology analysis techniques have been explored. For example, Tello 
and Ibáñez (2014) proposed alternative measures and indices based on 
standard OIV descriptors, while other researchers have exploited image 
analysis to estimate several OIV descriptors and bunch compactness 
(Chen et al., 2018; Cubero et al., 2015; Lopes & Cadima, 2021; Underhill 
et al., 2020). Palacios et al. (2019) proposed an innovative methodology 
to assess bunch compactness directly in the field, exploiting artificial 
intelligence applied to 2D image analysis. 

Other researchers have conducted digital model analyses to increase 
the number of features available for compactness assessment (Xin et al., 
2020). Such analyses are based on the spatial distribution of the point 
cloud generated by digital model reconstructions of grape bunches. Each 
point returns the actual bunch shape and morphology (Herrero-Huerta 
et al., 2022). This type of analysis is a proven technique for predicting 
bunch compactness that is more effective than the standard OIV 
descriptor (Rist et al., 2019; Tello et al., 2016). In addition, laser scan
ners and depth cameras can achieve a complete reconstruction of bunch 
shape for the purpose of morphological study (Marinello et al., 2016; 
Rist et al., 2018). 

Photogrammetry is a suitable technique for building digital models, 

also known as digital twins (DTs), of objects and environmental sce
narios based on the structure through motion processes. According to 
Matthews (2008), close-range photogrammetry occurs if the 
target-to-camera distance is less than 300 m, and the procedure aims to 
increase the resolution of details in the final product. Photogrammetry is 
commonly based on multiple images acquired from the same targets, but 
captured from different angles. Thus, feature tracker algorithms, such as 
the Kanade-Lucas-Tomasi algorithm (Tomasi & Kanade, 1991), perform 
image alignment, providing depth and spatial information for each point 
in the DT reconstruction of objects at accurate scale dimensions. 
Schneider et al. (2020) set up a laboratory trial to investigate bunch 
morphology and feature prediction for future in-field adoption. Her
rero-Huerta et al. (2015) and Rose et al. (2016), attempted to estimate 
yield components by taking photos directly in the field. Additionally, 
Torres-Sánchez et al. (2021) investigated the point cloud generated by 
photogrammetry from a vineyard monitored by a for yield estimation. 

The current study explores a three-dimensional DT analysis as a deep 
analysis of grapevine bunch morphology. The DTs of several Pinot Gris 
and Pinot Noir bunches were constructed with photogrammetry tech
niques. A commercial camera was used to collect photos of the bunches. 
Cameras and photogrammetry represent inexpensive and ready-to-use 
tools for constructing accurate, high-resolution DTs. After construc
tion, each DT was investigated to identify alternative descriptors to es
timate the grey mould infection risk. Finally, a multiple linear regression 
model (MLR) was tested to identify which descriptors were most related 
to the grey mould severity assessed in the field. Because the standard 
bunch assessment often fails to detect slight differences between the 
morphology of clones from the same variety, this study aimed to cate
gorise objective measures related to compactness and bunch rot 
susceptibility. 

2. Materials and methods 

DT modelling was performed on twenty-three grapevine clones from 
two grapevine cultivars (Pinot Gris and Pinot Noir) susceptible to grey 
mould bunch rot. A standardised methodology was employed to assess 
the spread of Botrytis cinerea in the field while images were acquired in a 
fixed environment. Due to a lack of in-season data on Pinot Noir, two 
methodologies were used to assess Botrytis cinerea severity among 
clones. In the following paragraphs, each of these steps is presented. 

2.1. Grape bunches 

The grape bunches came from two varietal collections. The first Pinot 
Gris vineyard was located in Cimadolmo (Treviso, Italy – 45◦47′33.78″N, 
12◦20′30.22″E), while the Pinot Noir vineyard was located in San 
Michele all’Adige (Trento, Italy – 46◦11′42.42″N, 11◦8′16.28″E). More 
specifically, 105 healthy bunches of 17 Pinot Gris clones were manually 
gathered on August 21, 2020, by the CREA-VE of Conegliano re
searchers, while 33 healthy bunches of six Pinot Noir clones were 

Nomenclature 

OIV Organisation Internationale de la Vigne et du Vin 
DT Digital Twin 
MLR Multiple Linear Regression Model 
R2 R-squared value 
RMSE Root Mean Square Error 
TH Townsend-Heuberger index (disease severity) 
Cl Optimal number of classes 
N Number of samples 
V Infection class 
PG Pinot Gris 

PN Pinot Noir 
C Cylindric shape 
F Funnel shape 
PCA Principal Component Analysis 
AIC Akaike Information Criterion 
2D Two-dimensional 
3D Three-dimensional 
H Horizontal section 
V Vertical section 
x, z Two orthogonal vertical sections 
Dim1 First PCA dimension 
Dim2 Second PCA dimension  
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gathered on September 14, 2021, by researchers of the Laimburg 
Research Centre. All the Pinot bunches were harvested at the “berries 
ripe for harvest” phenological BBCH stage (BBCH 89). Clones were 
numbered following an arbitrary classification; Tables 1 and 2 resume 
the corresponding clone’s name and number. The severity of grey mould 
in the vineyard was evaluated on Pinot Gris on the same harvesting day 
by evaluating 150 bunches from each clone. The bunches were rated 
using an arbitrary scale ranging from 0 to 3 based on the extent of the 
mould on the bunch surface, with 0 indicating no symptoms, 1 indi
cating from 1 to 25%, 2 indicating from 26 to 50%, and 3 indicating 
more than 50%. Then, the Townsend-Heuberger index (TH) was 
computed, giving a score to each clone ranging from 0 to 100. Eq. (1) 
(Townsend & Heuberger, 1943) is as follows: 

TH=

∑i

1
(Ni ∗ Vi)

N ∗ V
(1)  

where TH is the Townsend-Heuberger index, Ni is the number of grape 
bunches in each class, Vi is the class of grey mould infection, N is the 
total sampled bunches, and V is the highest class value. More details 
about the grey mould spread on the Pinot Gris bunches are shown in 
Fig. A1. The TH index retrieved a continuous ranking. Hence, the clones 
were grouped into classes to obtain practical insights into the grey 
mould risk of each one based on the dataset information. The number of 
classes was determined as suggested by Sturges (1926) following Eq. (2): 

Cl= 1+(10 ∗ 3− 1) ∗ logN (2)  

where Cl is the optimal class number and N is the number of samples. 
In Pinot Noir, clones were rated in ten classes by tolerance to Botrytis 

cinerea according to historical data gathered by the Laimburg Research 
Centre (Terleth & Pedri, 2010). The classes ranged from 1 to 10, and in 
this paper, the bunches were also classified from low to very high 
resistance against grey mould. All the bunches were categorised 
following the OIV standards, and the number of wings, height, width, 
shape, and average grape weight of clusters were measured. Addition
ally, the bunches were weighed, and the volume was determined using 
the water displacement method. The Ravaz index was calculated for 
Pinot Gris to compare the plant vigour among the clones by weighing the 
fresh pruning wood and the fruit production in fifty vines per clone. The 
Ravaz index was computed as the ratio between the fruit yield and the 
pruning wood weight (Ravaz, 1911). Tables 3 and 4 reassume Pinot Gris 
and Pinot Noir features. 

2.2. Image collection and analysis 

Once collected, the bunches were stored in boxes and preserved in a 
refrigerator. A series of photos were taken per bunch under laboratory 
conditions in a dark room lit by neon and LED lights. A Nikon D5100 
camera (Nikon Corporation, Tokyo, Japan) with a focal length of 35 mm 
was used to take the photos. The camera captured coloured images at a 
24-bit resolution of 4928x3264 pixels and saved the photos in JPG 
format. The bunches were hung while the camera was mounted to a 
special device that turned around the target at a constant rotation speed. 
The distance between the camera and the bunch was set constantly at 
approximately 450 mm. The camera took a picture every 2 s thanks to 
the multi-shot function while rotating. The rotation speed was set to 33 
images per revolution (360◦). The camera was mounted at three 
different positions: I) perpendicular to the bunch’s vertical axis; II) at 
+45◦ from the perpendicular position; and III) at − 45◦ from the 
perpendicular position. The acquisition from a different point of view 
allowed the complete representation of the clusters. As a result, 99 im
ages were captured per bunch. 

The background was excluded thanks to a white panel behind the 
cluster. The device is shown in Fig. 1(a). All photos were processed on 
Metashape 1.7.2 (Agisoft LLC) to build the DT of each bunch. Metashape 
can generate DTs of real objects by performing the structure from mo
tion photogrammetry of digital images. The specific functions used for 
this purpose are summarised in Table 5. A calibration artefact with 
known dimensions and shape was captured as a reference to allow 
calculation of first- and second-degree correction factors (Marinello 
et al., 2009) and following compensation of systematic scaling and 
crosstalk errors during the grape 3D reconstruction process. Finally, the 
artefacts from the background were quickly deleted by hand. 

2.3. 3D analysis 

All workflow settings were adjusted to reach the highest quality DT. 
The obtained DTs are faithful to real bunches. On average, the point 
clouds were made by 224.46 points per mm2, while the meshes counted, 
on average, 44.89 faces per mm2. The smallest curvature radius 
measured between grapes was 0.2 mm. All the items owned neither to 
the bunch nor the wood cube were classified as “background noise”. 
However, the background noise did not affect the DT quality. On 
average, only 2976.13 faces were classified as “background noise” and 
manually deleted from the bunches’ meshes. The depth resolution was 
closely related to the bunch compactness and lighting. As shown in 
Fig. 8, the rachis was visible in the loosest bunches, while two LED bulbs 
emitting 460 lm light avoided any shadowing interference. 

The 3D analysis continued examining the DTs. CloudCompare (www 
.cloudcompare.org) was used to extract five horizontal sections 
perpendicular to the bunch’s vertical axis and to measure the bunch’s 
surface and the whole mesh’s volume (Fig. 1(b)). The sections cut the 
cluster from the top to the bottom of the bunch’s height at 16.67%, 
33.33%, 50%, 66.67%, and 83.33%. Fig. 2 shows in detail the position of 
the sections. Two vertical sections were extracted. The first was posi
tioned according to the bunch’s maximum width, while the second was 
perpendicular to the first. The sections reflected the bunch’s profile 

Table 1 
Conversion between Pinot Gris clone names and code used in this article. The 
column “Class” refers the to Sturges’ classification of bunch rot according to the 
in-field evaluation.  

Clone Name Code Class Clone Name Code Class 

B 10 PG-4 Very 
High 

R 6 PG-6 Medium 

H-1 PG-5 Very 
High 

SMA 514 PG- 
10 

Medium 

VCR-5 PG- 
12 

Very 
High 

ENTAV 457 PG-1 Low 

FENDIT 13-CSG PG- 
14 

Very 
High 

SMA 505 PG-3 Low 

CRAVIT ERSA 
152 

PG-9 High ENTAV 52 PG-7 Low 

ERSA FVG 151 PG- 
13 

High ISV-F1 
TOPPANI 

PG- 
11 

Low 

ENTAV 53 PG- 
15 

High FR 49-207 PG- 
16 

Low 

ISMA-AVIT 513 PG- 
17 

High 1 GM PG-8 Very Low 

2–15 GM PG-2 Medium     

Table 2 
Conversion between Pinot Noir clone names and code used in this article. The 
column “Class” refers to the bunch rot resistance according to the Laimburg 
Research Centre studies.  

Clone Name Code Class 

828 PN-3 Low 
SMA-201 PN-5 Low 
165 PN-1 Medium 
667 PN-6 Medium 
583 PN-2 High 
GM-2013 PN-4 Very High  
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containing, on average, 7.10 vertices per mm. 
AutoCAD 2022.1 (Autodesk) was used to measure the perimeter, 

area, and axis length of all the sections. In addition, the circumscribed 
circle of all the horizontal sections has been drawn (Fig. 1(c)). Finally, 
61 parameters were calculated among the direct measures and derived 
indices (Table 6). 

2.4. Statistical analysis 

Some parameters were replicated in each horizontal and vertical 
section, so the bunch evaluation retrieved 82 direct measures and 103 
derived indices from each bunch. Feature selection was carried out to 
reduce the number of variables and to identify the variables most related 
to the grey mould infection risk. First, a principal component analysis 
(PCA) was carried out on direct measures and derived indices sepa
rately. Next, the loading value of each variable was compared among the 
components explaining at least 88% of the total variance. Then, a cor
relation matrix was computed to detect the most autocorrelated vari
able. Finally, the most prominent and less autocorrelated variables were 
included in a dataset to propose an MLR for grey mould severity esti
mation. A forward stepwise regression was used for selecting models 
with the lowest Akaike Information Criterion (AIC) value and the 
smallest number of variables to avoid overfitting the model (Chaurasia 
& Harel, 2012). The first included only information reachable from a 
common two dimensions (2D) analysis, while the second included in
formation from the third dimension. The maximum number of features 
that showed a significant contribution to the model was considered (p 
value ≤ 0.05). Because disease severity was available as the clone mean, 
all bunch features were averaged among the same clone for the regres
sion study. Finally, the model’s square regression coefficient (R2) and 
the root mean square error (RMSE) were compared between the models’ 
prediction and the actual disease severity index. RStudio (version 

1.2.1335 © 2009-2019 RStudio) was the software chosen for statistical 
analysis. 

3. Results 

Table 7 reassumes the weather data recorded by the closest weather 
station in Cimadolmo (45◦48′5.86″N, 12◦20′26.18″E) during vintage 
2020 compared to the historical records between 1994 and 2019. July 
and August 2020 were warmer and rainier than the historical trend. 
Pinot Gris’ veraison occurred in the third week of July. Therefore, the 
rainfalls that occurred during the summer of 2020 might have promoted 
Botrytis cinerea infections against the most sensitive clones. 

The chart in Fig. 3 displays the scores of the Pinot Gris bunches 
among the first and second PCA dimensions. In this case, the PCA 
considered the direct measures. The first and second dimensions explain 
33.58% and 20.10% of the total variance, respectively. The data were 
grouped by clone number, while the point’s colour represented the grey 
mould severity class listed in Tables 1 and 2. First, the bunches of clones 
PG-1, PG-5, and PG-12 are clustered in the same chart area. Other 
clones, for instance, PG-3, PG-9, and PG-10, are much more widespread. 
PG-8 is the only clone assigned to the lowest class, and all the bunches 
are clustered in the bottom right corner of the chart. Most of the “Low” 
class clones (green points) are close to the bottom right corner, while 
most of the clones assigned to the Very High class are clustered in the top 
left corner. Additionally, in the central part of the chart, there is a clear 
diagonal trend from the bottom right to the top left corner. 

The PCA that was conducted for Pinot Noir clustered most of the 
bunches of clone PN-4 on the bottom right corner of the chart in Fig. 4. 
Although the rest of the classes are more blended than what happened 
for Pinot Gris, the same diagonal trend is preserved from the bottom 
right corner to the top left corner. As verified in Pinot Gris, the clones of 
the lowest and the highest class occupy opposite corners. 

Table 3 
The table presents Pinot Gris bunches’ classification according to the OIV standard. The average and the standard deviation of the bunch’s main features are also listed. 
The “Shape” column describes the whole bunch structure, where C indicates a cylindrical shape, F is a funnel shape, and CF indicates bunches have both shapes. In this 
table, TH ranged from 4.44 to 14.98, where the lower values indicate low grey mould infections, while higher values indicate a strong presence.  

Clone Samples N◦ Wings Shape Weight (g) Volume (mm3) *103 Height (mm) Width (mm) Berries N◦ TH Ravaz Index 

PG-14 6 1.0 C 149.4 ± 16.8 142 ± 16 140 ± 7 104 ± 5 109.7 ± 5.5 14.9 ± 3.4 11.5 ± 1.5 
PG-12 6 1.0 C 166.3 ± 32.2 163 ± 35 121 ± 11 87 ± 9 97.7 ± 5.6 13.8 ± 1.0 8.2 ± 1.9 
PG-5 7 1.0 C 213.6 ± 27.8 193 ± 21 133 ± 13 91 ± 9 76.9 ± 5.3 13.3 ± 1.3 4.5 ± 0.5 
PG-4 7 1.0 C 178.9 ± 17.9 174 ± 19 124 ± 1 81 ± 46 112.7 ± 5.3 12.7 ± 2.9 11.7 ± 4.3 
PG-13 6 1.0 C 147.6 ± 9.8 137 ± 10 140 ± 12 95 ± 12 111.9 ± 5.4 12.4 ± 3.0 11.8 ± 5.5 
PG-9 5 1.0 CF 166.5 ± 14.4 150 ± 17 144 ± 4 74 ± 10 101.9 ± 5.0 11.6 ± 2.8 7.5 ± 2.8 
PG-17 4 1.0 CF 149.1 ± 12.1 143 ± 15 121 ± 13 110 ± 3 129.3 ± 6.6 11.6 ± 3.7 12.1 ± 6.0 
PG-15 7 1.0 C 172.5 ± 18.1 157 ± 22 126 ± 8 81 ± 2 98.1 ± 5.3 11.1 ± 2.7 12.2 ± 2.6 
PG-6 5 1.0 C 172.2 ± 24.7 155 ± 24 129 ± 8 78 ± 8 103.8 ± 4.0 10.4 ± 3.8 9.1 ± 1.4 
PG-2 7 1.0 C 178.3 ± 34.4 170 ± 31 122 ± 1 81 ± 4 117.0 ± 5.3 9.8 ± 3.0 13.9 ± 1.9 
PG-10 7 1.4 CF 189.7 ± 38.2 173 ± 37 134 ± 3 132 ± 5 96.7 ± 5.3 9.1 ± 2.0 12.9 ± 3.5 
PG-11 7 1.0 C 168.8 ± 26.0 159 ± 22 122 ± 10 81 ± 12 102.2 ± 5.3 8.4 ± 2.5 8.2 ± 2.9 
PG-1 7 1.0 CF 186.7 ± 30.1 180 ± 30 141 ± 11 75 ± 9 101.3 ± 5.4 8.0 ± 3.5 9.6 ± 1.0 
PG-16 7 1.0 F 234.6 ± 31.9 221 ± 33 150 ± 2 68 ± 6 109.1 ± 5.2 7.3 ± 0.7 7.8 ± 2.4 
PG-7 5 1.0 F 203.4 ± 33.3 184 ± 32 150 ± 11 78 ± 6 110.6 ± 6.1 6.9 ± 1.5 10.6 ± 1.3 
PG-3 7 1.0 C 161.4 ± 16.2 156 ± 15 128 ± 7 79 ± 8 101.8 ± 5.0 6.7 ± 1.2 12.8 ± 5.2 
PG-8 6 1.2 F 238.0 ± 30.6 217 ± 23 163 ± 12 69 ± 9 140.4 ± 4.9 4.4 ± 1.4 17.3 ± 4.6  

Table 4 
The table presents Pinot Noir bunches’ classification according to the OIV standard. The average and the standard deviation of the bunch’s main features are also listed. 
The “Shape” column describes the whole bunch structure, where C indicates a cylindrical shape, F is a funnel shape, and CF indicates bunches have both shapes. The 
class ranged from “Low” to “Very High”, where “Very High” indicates the most resistant, while “Low” indicates the most susceptible.  

Clone Samples N◦ Wings Shape Weight (g) Volume (mm3) *103 Height (mm) Width (mm) Berries N◦ Class 

PN-3 5 1.0 C 211.8 ± 60.8 178 ± 54 141 ± 17 86 ± 13 109.4 ± 34.1 Low 
PN-5 6 1.0 C 146.1 ± 12.9 123 ± 5 127 ± 9 78 ± 8 92.7 ± 7.4 Low 
PN-1 6 1.0 CF 406.0 ± 55.2 132 ± 10 129 ± 18 80 ± 12 93.0 ± 17.0 Medium 
PN-6 4 1.0 C 209.7 ± 17.7 193 ± 10 147 ± 10 80 ± 2 102.6 ± 37.7 Medium 
PN-2 6 1.0 C 114.8 ± 41.2 132 ± 84 124 ± 11 76 ± 15 96.5 ± 35.5 High 
PN-4 6 2.0 C 171.8 ± 36.8 148 ± 42 139 ± 10 109 ± 12 115.3 ± 27.0 Very High  
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The 2D regression model considered only features measured directly 
on bunches and all those features reachable by 2D image analysis (Chen 
et al., 2018; Tello et al., 2016). On the other hand, the 3D regression 
model exploited all the 2D information and the measurements given by 
section analysis, volume and the surface of the DT. Both direct measures 
and indices were considered for the regression analysis. The same 
number of features were considered in the 2D and 3D models, avoiding 
the overfitting effect by considering a different number of variables. 
Variables used in the models were selected according to the model 
evaluation metrics (AIC) test. In Pinot Gris, five descriptors were enough 

Fig. 1. The above pictures explain the whole sequence of operations performed. In a) the devices used to take the photos and some examples of bunch photos are 
presented; b) the DTs were built from the photos processed, and the sections were extracted; c) finally, the sections were analysed. 

Table 5 
Here, the sequences of operations performed on Metashape are presented to 
build the DT of the bunches from a series of photos.  

Function Description 

Align Photos The software estimates the camera actual position ed 
projects a sparse point cloud. 

Optimise Camera 
Alignment 

It adjusts the point coordinates estimated, minimising 
reprojection and misalignment errors. 

Build Dense Cloud The software computes the spatial coordinates of all the 
points those made the bunch and projects a high-resolution 
point cloud. 

Build Mesh Metashape can join all the point cloud’s vertices 
reconstructing the external surface of the bunch; each 
mesh’s point colour is estimated by the original photos.  

Fig. 2. Details of the horizontal sections.  
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Table 6 
The table lists all the direct measures and derived indices measured in each grape. Some parameters were measured or calculated in several sections. The column on the 
left contains the abbreviations for the measures and indices. The reference indicates the citation, and “***” indicates which measures were proposed in this study. 
Empty cells indicate general geometry rules. The “Object” column aims to specify which object was measured, “H” indicates horizontal section, “V” indicates vertical 
sections, “DT” indicates the bunch’s digital twin, and “Bunch” indicates the original cluster.  

Measure Reference Formula Object Description Unit 

Direct measures 
P   H, V Perimeter of horizontal (1,2,0.5,4,5) or vertical (x, z) sections mm 
A.   H, V Area of horizontal (1,2,0.5,4,5) or vertical (x, z) sections mm2 

Cm Bribiesca (2008)  H Perimeter of the circumference which has the same area as the horizontal 
section. 

mm 

P_Ccirc Li et al. (2013)  H Perimeter of the smallest circumference containing the section mm 
AC Li et al. (2013)  H Area of the smallest circumference containing the section mm2 

Ø_Ccirc Li et al. (2013)  H Diameter of the smallest circumference containing the section mm 
Mj_a   H Major axis is the longest line that can be drawn inside a horizontal section mm 
mn_a   H Minor axis is the longest line perpendicular to the major of horizontal sections mm 
P_diff *** P - P0.5 H Difference between horizontal section’s perimeter (1,2,4,5) and the middle 

section’s perimeter 
mm 

A_diff *** A - A0.5 H Difference between horizontal section’s area (1,2,4,5) and the middle section’s 
area 

mm2 

h OIV (2009)  V, DT Bunch’s height mm 
hx, hz ***  V Height of vertical (x,z) sections mm 
W_bunch OIV (2009)  Bunch Maximum bunch’s width mm 
W ***  H, V Width of horizontal (1,2,0.5,4,5) or vertical (x, z) sections mm 
Bb_V *** H * W * Wz DT Volume of the bunch’s bounding box mm3 

Bb_S *** 2* (h * Wx + h * Wz + Wx 
* Wz) 

DT Surface of the bunch’s bounding box mm2 

Dt_V ***  DT Volume of the DT computed on CloudCompare mm3 

Wgt OIV (2009)  Bunch Bunch’s weight g 
AcV OIV (2009)  Bunch Actual volume of the bunch measured with the water displacement method mm3 

EV *** Dt_V - AcV DT Empty volume is obtained by the difference between the computed and the 
actual bunch’s volume. 

mm3 

DtS ***  DT Surface of the DT computed by CloudCompare mm2 

NB ***  H Number of berries in the middle horizontal section berry 
CsV ***  H Volume of the convolutional solid containing the whole bunch mm3 

CsS ***  H Surface of the convolutional solid containing the whole bunch mm2 

AbWgt OIV (2009)  Bunch Average berries weight g 
TotB Tello et al. (2015)  Bunch Total number of berries per bunch berry 
Derived indices 
AP Cubero et al. (2015) A * P-1 H, V Ratio between the area and perimeter of horizontal (1,2,0.5,4,5) or vertical (x, 

z) sections 
mm 

PA Li et al. (2013) P * A− 1 H, V Ratio between perimeter and area of horizontal (1,2,0.5,4,5) or vertical (x, z) 
sections 

mm− 1 

EC Zhang and Lu (2004) Mj_a * mn_a − 1 H Axis ratio of horizontal (1,2,0.5,4,5) or vertical (x, z) sections  
PAc *** P * Cm− 1 H Ratio between the section perimeter and the area of the median circumference mm− 1 

APc *** A * Cm− 1 H Ratio between the area of the section and the perimeter of the median section mm 
CFS Cubero et al. (2015) (P2 * A− 1) * π− 1 H, V Ratio between the section’s perimeter and area, circle = 4. Higher values 

indicate more compactness. 
mm− 1 

RD Cubero et al. (2015), Li 
et al. (2013) 

(4 *π * A) * P-1 H Ratio between the section’s area and perimeter, a circle, has the highest value 
= 1. 

mm 

Cdcm Li et al. (2013) A * Asc− 1 H Ratio between the section area and the area of the smallest circumference 
containing the section  

Comp Bribiesca (2008) Cm * P-1 H Ratio between the perimeter of the median circumference and the section’s 
perimeter.  

ACisoA *** A * π-1 * (P * (2 *π) − 1)2 H Ratio between the area of the section and the area of the circumference having 
the same perimeter.  

Rar. Chen et al. (2018) A * (h * W) − 1 V Ratio between the vertical section area (x, z) and the area of the smallest 
rectangle containing the section.  

PP0.5 *** P * P0.5− 1 H Ratio between the section’s perimeter and the middle section’s perimeter  
AA0.5 *** A * A0.5− 1 H Ratio between the section’s area and the middle section’s area  
Rr Chen et al. (2018) H * W− 1 DT Ratio between the vertical section orthogonal dimension  
P0.5NB *** NB * PH0.5− 1 H Ratio between the perimeter of the middle section and the number of berries in 

that section 
mm * 
berry− 1 

A0.5NB *** NB * AH0.5− 1 H Ratio between the area of the middle section and the number of berries crossed 
by the same section 

mm2 * 
berry− 1 

Cm0.5NB *** NB * CmH0.5− 1 H Ratio between the Cm of the middle section and the number of berries crossed 
by the same section 

mm * 
berry− 1 

AC0.5NB *** NB * ACH0.5− 1 H Ratio between the AC of the middle section and the number of berries crossed 
by the same section 

mm2 * 
berry− 1 

AS Cubero et al. (2015) Wx * H− 1 DT Ratio between the bunch’s width (the widest) and its height  
Ef *** EVol * Dt_V − 1 DT Ratio between the empty volume and the computed volume  
AcV_BV *** AcV * BV− 1  Ratio between the actual bunch’s volume and the volume of the smallest solid 

containing the whole bunch  
VRr *** Dt_V * BV− 1 DT Ratio between the DT volume and the volume of the smallest solid containing 

the whole bunch  
VCRr *** (Dt_V * π− 1*h− 1) * (Wx * 

0.5)2 
DT Ratio between the bunch’s volume and the volume of the smallest cylinder 

containing the whole bunch  

(continued on next page) 
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to describe the MLR proposed for 2D analysis. According to the statis
tical analysis, adding another variable could increase the model fitting 
without proving any significant improvement (Table A1). Eqs. (3) and 
(4) reveal the 2D and 3D models, respectively. The models aimed to 
predict the disease severity index (TH), and the models’ performance 
was compared to the actual TH indices for Pinot Gris. The R2 rose from 
0.656 to 0.838, while the RMSE decreased from 1.713 to 1.175 by 

joining 3D to the 2D information. AcV_BV and W_bunch depend on the 
presence of wings on the bunch (lateral branch with berries). W0.5 and 
W1 indicate the maximum bunch width at the middle and first sections 
closest to the peduncle, respectively, and they were related to the bunch 
shape. Empty volume (EV) was estimated by the difference between the 
total volume of the DT mesh (Fig. 1) and the bunch’s actual volume 
(AcV), which only considers the volume of berries and rachises. 

Table 6 (continued ) 

Measure Reference Formula Object Description Unit 

Rpr *** S * BS− 1 DT Ratio between the bunch surface and the surface of the smallest bounding box, 
the whole bunch  

Cvol *** S * Dt_V − 1 DT DT surface and volume ratio, perfect cube = 1. mm− 1 

Density  Wgt * AcV− 1 Bunch Ratio between the bunch’s weight and apparent volume. g * mm− 3 

AcVh OIV (2009) Dt_V * h− 1 DT Ratio between the bunch’s actual volume and height mm2 

Dt_V h *** Dt_V * h− 1 DT Ratio between the DT’s volume and height mm2 

Sh *** S * h− 1 DT Ratio between the DT’s surface and height mm 
ECsV *** CsV - Dt_V DT Difference between the convolutional solid containing the whole bunch and the 

DT’s volume 
mm3 

FCsV *** CsV * Dt_V − 1 DT Ratio between the convolutional solid containing the whole bunch and the DT’s 
volume  

SCsV *** S * CsV− 1 DT Ratio between the DT surface and the volume of the convolutional solid 
containing the whole bunch 

mm− 1 

ETotB *** Evol * TotB− 1 DT Ratio between the bunch’s empty volume and the total number of berries mm3 * 
berry− 1 

CsVTotB *** CsV * TotB− 1 DT Ratio between the volume of the convolutional solid containing the whole 
bunch and the total bunch’s berries 

mm3 * 
berry− 2 

STotB *** S * TotB− 1 DT Ratio between the DT’s surface and the total berries number mm2 * 
berry− 2  

Table 7 
Monthly mean temperature and total rainfall of 2020 vintage compared to the historical data recorded by the closest weather station.  

Period Value April May June July August 

2020 Mean Temp. (◦C) 9.9 18.2 21.2 24.0 24.6 
Historic Mean Temp. (◦C) 13.0 17.7 21.6 23.4 22.9 
2020 Rainfall (mm) 27.8 118.8 204.0 100.4 196.6 
Historic Rainfall (mm) 101.4 124.8 106.8 90.6 103.9  

Fig. 3. The scatter plot shows Pinot Gris PCA bunches’ scores distributed according to dimensions one (Dim1), horizontal axis, and two (Dim2), the vertical axis. The 
points represent all the bunches sampled. The numbers indicate the clone. The clone’s name and number are listed in Table 1. The colour indicates the severity class. 
Numbers 33.58% and 20.10% represent the portion of total variance explained by the first and the second PCA dimensions. (For interpretation of the references to 
colour in this figure legend, the reader is referred to the Web version of this article.) 
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Therefore, the empty fraction (Ef) was computed as the ratio between EV 
and AcV. Sh is the ratio between the mesh surface and the bunch height. 
Mj_A_1 and Mj_A_4 indicate the length of the longest axis of sections one 
and four, at 16.67% and 66.67% of the bunches’ height, respectively. 
The scatter plots in Fig. 5 display the clones among actual and predicted 
TH values, while the colour indicates the severity class assigned to 
clones. 

In Pinot Noir, the MLR estimated the resistance class against grey 
mould. Any descriptors of the 2D model did not prove any significant 
contribution. Therefore, the MLR computed on the 3D descriptor 
included three variables (Eq. (5)), which was the best MLR among all the 
combinations of variables, avoiding overfitting. As a result, the proposed 
MLR estimated an R2 of 0.936 and an RMSE of 0.297. The scatter plot in 
Fig. 6 displays the clones in relation to actual and predicted resistance, 
while the colour indicates the severity class assigned to the clones. In Eq. 
(5), P0.5NB is the ratio between the perimeter and the number of berries 
counted in the middle horizontal section, while CsS is the surface of the 
convolutional solid containing the bunch.  

TH = − 32.8236 *AcV_BV − 16.4542 *W0.5 + 0.0743 *W_bunch − 0.4630 
*h − 0.3148 *W1 +38.864                                                                (3)  

TH = − 4.8797 *Ef+0.4142 *Sh-2.4653 *P0.5NB − 0.6864 * Mj_A_4–3.570 * 
Mj_A_1 + 32.6925                                                                          (4)  

Grey Mould Resistance = 8.1643 *P0.5 NB +0.7079 * Mj_A_4 + 25.1527 
*CsS − 30.8111                                                                               (5)  

4. Discussion 

The contributions of value in the present research are twofold: the 
development of the reconstruction and analysis method and the agro
nomical impact of the results. 

4.1. Instrumental approach 

The physical distribution of grape volume is traditionally correlated 
with the severity of the attack of some diseases for a given variety. 
Properly characterising the shape of grapes requires taking both the in
strument and subsequent data processing into consideration. The present 
study showed the ability of photogrammetry to properly reconstruct 
complex three-dimensional bunch shapes. Of course, 3D reconstruction is 
highly demanding in terms of data processing as well as high-density point 
cloud handling. For this reason, most of the research in recent years has 
focused on depth cameras, mainly taking advantage of disparity maps or 
time of flight for 3D reconstruction. 3D photogrammetry benefits from the 
high performance of computers reached in recent years. For example, 5–7 
h were needed for a shape made by 19 million points. Hence, interest in 
photogrammetry has increased since 3D photogrammetry for the above
mentioned issues and many other reasons. For instance, photogrammetry 
is of great help to support steering systems or automated machinery (van 
Marrewijk et al., 2022). Additionally, photogrammetry was employed for 
automated plant phenotyping, fruit detection, and localisation techniques 
(Boogaard et al., 2023; Rapado-Rincón et al., 2023). Finally, the mean 
root square roughness measured 12.523*10-3 mm on an almost “smooth” 
surface. Hence, for such highly accurate detail, sophisticated photo
grammetry could be less affordable than a more sophisticated 3D scanner 
(Moreau et al., 2014). 

Fig. 4. The scatter plot shows that Pinot Noir PCA bunch scores are distributed according to dimensions one (Dim1), horizontal axis, and two (Dim2), vertical axis. 
The points represent all the bunches sampled. The numbers are referred to as clones. Clones’ names and numbers are listed in Table 2. The colour indicates the 
resistance class against the grey mould. Numbers 30.12% and 19.88% represent the portion of total variance explained by the first and the second PCA dimensions. 
(For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.) 
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4.2. Agronomical results 

The score plotting from PCA identified a diagonal trend crossing the 
second and fourth quadrants in Pinot Gris and Pinot Noir. The PCA was 
carried out only on direct measures because these parameters explained 
much more variance than indices. More specifically, because indices 
come from direct measures, they are autocorrelated. The PCA charts did 
not return the same results found by Cubero et al. (2015), where authors 
compared grapevine varieties instead of clones. Regarding the PCA on 
Pinot Gris, clone PG-8 was attached to the lowest severity class, opposite 
from a group of clones assigned to the highest severity class, PG-14, 
PG-12, and PG-4. In addition, PG-8 was the longest and one of the 
widest clones, showing a funnel shape with two wings in many samples. 
PG-8 was the first clone for branching (AcV_BV) and estimated empty 
volume (EV)e and surface (DtS). All the previously mentioned features 
identified PG-8 as less compact than other clones (Fig. 7). 

On the other hand, PG-14, PG-12, and PG-4 had a shape without any 
wings. They were among the shortest clones and had the smallest frac
tion of estimated empty volume and surface. As a result, clones PG-14, 
PG-12, and PG-4 were identified as a model of very compact bunches. 
Canopy leaf and shoot density promoted humidity and fungal attack on 
the grape bunches. 

Therefore, the relationship between grey mould severity and the 
Ravaz index was investigated. Even though clone PG-8 showed the 
highest index value (Table 3), the linear regression between the Ravaz 
index and grey mould severity was meagre (R2 = 0.15). 

The Pinot Noir PN-4 clone was attached at the highest resistant class 
(the clone is the most tolerant against grey mould), and the PCA isolated 
those bunches from the other. PN-4 was the widest clone, with the 
largest surface having a cylindric shape and two wings. In addition, PN-4 
was the second clone for the estimated empty volume fraction and 
branching. On the other hand, clones PN-3 and PN-5 were the least 
resistant to grey mould and were clustered with clone PN-6, which was 
assigned to the medium class. While PN-6 showed many descriptors of 
the middle classes, PN-5 was the smallest clone with the lowest value of 
the ratio between surface and height. Additionally, sections four and five 
were very tight, as verified in clone PN-3. However, the shape of the 

grape bunches was only one factor explaining the resistance or suscep
tibility to developing grey mould infections. For example, grape skin 
thickness, the chemical content of the grape juice, genetic patterns, 
destructive insects, the environment, and climate affect susceptibility to 
grey mould infection. 

Following the OIV standard descriptor, it was impossible to find a 
strong relationship between the Pinot clone features and the severity of 
grey mould. This fact explains why all the bunches came from the same 
grapevine variety and were very similar. Almost all clusters were 
compact and cylindrical. Only a more detailed analysis could detect the 
smallest difference between clones. 

Regarding Pinot Gris, R2 increased, and RMSE improved in the 3D 
MLR compared to the 2D MLR. That happened considering the same 
number of variables, avoiding the overfitting of the model (Sub
ramanian & Simon, 2013). The most prominent variables of the 2D MLR 
were the width of the sections, as stated by Underhill et al. (2020), and 
the presence of branching from the main body of the bunches. The 
section width is also included in the 3D MLR with many other interesting 
descriptors from the 3D analysis. 

The mesh volume is consistently overestimated because it does not 
consider the empty space inside bunches. Therefore, the actual bunch 
volume and the mesh volume were used to estimate the space into a 
bunch, such as deduced by Tello et al. (2016). The same authors claimed 
the empty space as a relevant feature for describing the bunches 
morphology. 

The ratio between the perimeter of the middle section and the berries 
number in the same section indicates the portion of the section perim
eter occupied by each berry (Hed et al., 2009). Lower values could 
indicate that berries are tiny and compact. Fig. 9 shows an example of 
two wildly divergent clones. The clone PG-8 bunch has ten berries, while 
clone PG-14 has eleven ones and a smaller perimeter than clone PG-8. 
The ratio between the perimeter and berries was higher in favour of 
clone PG-8, at 20.837 and 17.854 mm * berry− 1, respectively. 

The mesh surface depends on the bunch dimension, branching, and 
compactness. For example, the berries of compact bunches touched each 
other, while the berries of loose clusters were far from each other. As a 
result, the contribution of each berry in compact bunches to the whole 

Fig. 5. The two scatter plots display the actual and predicted THs of Pinot Gris: a) 2D MLR and b) 3D MLR. The black line represents the ideal regression line with a 
slope value of 1, while the colour of the point refers to the clone severity class. (For interpretation of the references to colour in this figure legend, the reader is 
referred to the Web version of this article.) 
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surface is lower than in loose bunches. The ratio between surface and 
height is an index that aims to standardise the surface to the cluster 
dimension. Similar results were found by Lopes and Cadima (2021) 
concerning bunch weight and compaction. However, the quality, reso
lution, and alignment of the photos could affect the surface 
measurements. 

Regarding Pinot Noir, the 2D analysis failed because none of the 2D 
descriptors made a significant contribution to the MLR model. On the 
other hand, only three descriptors took part in the 3D MLR model. 
Compared to the Pinot Gris clone bunches, the Pinot Noir bunches were 
much more different, showing significant divergence in shape, number 

of wings, and branching (Fig. 8). The variability among clones could be a 
plausible explanation for the small number of variables included in Pinot 
Noir MLR. The relevance of CsS in the Pinot Noir MLR could be 
explained by the divergence between the clone shapes (Fig. A2). 

In this study, bunch weight and volume were slightly relevant to 
predict bunch compactness and grey mould severity rather than stated 
by (Ivorra et al., 2015; Tello & Ibáñez, 2014). Indeed, the surface and the 
ratio between the bunch surface and height were strongly related to the 
bunch’s compactness. 

5. Conclusions 

This work aimed to investigate the morphology of grapevine bunches 
using photogrammetry techniques for the whole DT reconstruction of 
grape bunches. Seventeen Pinot Gris clones and six Pinot Noir clones 
were compared to identify the most compact clone according to the 
spread of grey mould. All the DTs were processed using point cloud 
processing software, and five horizontal and two vertical sections were 
extracted. All the sections were analysed and hence compared. The PCA 
showed a distribution trend in the clone tendency to develop grey mould 
infections. Two MLRs were proposed per grapevine variety considering 
the most important descriptors for the bunch shape. The first model 
aimed to find the correlation between grey mould severity and the de
scriptors from the 2D analysis, while the second model also included 
descriptors from the 3D analysis. The 3D MLR showed higher perfor
mances than the 2D MLR. The proposed research demonstrated the 
relevance of cluster morphology to the susceptibility to grey mould in
fections. Future studies should validate the proposed models for the 
grapevine varieties and demonstrate the importance of the descriptors 
selected in this trial. Additionally, a completely automatic and unsu
pervised evaluation system based on artificial intelligence techniques 
could be developed. 
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Fig. 6. The scatter plot displays the actual and predicted resistance against the 
grey mould of the 3D MLR model of Pinot Noir. The black line represents the 
ideal regression line with a slope value of 1, while the point’s colour refers to as 
the clone resistance class. (For interpretation of the references to colour in this 
figure legend, the reader is referred to the Web version of this article.) 

Fig. 7. The pictures provide examples of Pinot Gris bunches. The first bunch on the left represents clone PG-8, showing a typical funnel shape. The second bunch is 
clone PG-13, which has two wings. PG-11 and PG-12 are the last two clones showing a cylindrical shape. Clone PG-11 has larger berries than PG-12 and PG-11 seems 
less compact than PG-12. 
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