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Vineyard yield forecasting is a
key issue for vintage scheduling
and optimising winemaking
operations. Researchers from
the Centre for Research and
Innovation at Chilean-based wine
company Viiha Concha y Toro
report on a trial they conducted
in a high yielding Cabernet
Sauvignon vineyard that used
data from various sources such
as satellite imagery, agro climatic
conditions and historical yields.
Machine learning models were
then applied to generate yield
forecasts at veraison.

INTRODUCTION

he digital transformation of agricultural

processes implies a profound cultural

change focussed on the acquisition
and integration of various data sources from
all critical points in the value chain. Application
of new digital technologies can add value to
information and allow better decisions based
on data. At Vifia Concha y Toro, the concept
of digital transformation translates into
connecting each of the stages and processes

46 www.winetitles.com.au

of the value chain to the digital world and
generating value for the business through
the capture, storage and processing of data
integrated in an IIOT (Industrial Internet of
Things) architecture.

WINE & VITICULTURE JOURNAL SPRING 2021

Since its foundation in 2014, the Centre for

Research and Innovation (CRI) has promoted
the concept of digital transformation through
the strategic program Smart Wine Industry
and the application of engineering principles.
The CRI seeks to promote applied research,
technology transfer and innovation in order to
ensure and maintain the productive excellence
of Vifla Concha y Toro, the sustainability of

its processes and promote viticulture in the
country.

The application of the concept of digital
transformation in agricultural processes has
been intensively addressed in academic and
industrial fields, such as precision agriculture,
which can be defined as a “management
strategy that collects, processes and analyses
temporal, spatial and individual data and
combines them with other information to
support management decisions according to
the estimated variability, and thus improve
the efficiency in the use of resources,
productivity, quality, yield and sustainability
of agricultural production “(ISPA 2019). In
the case of the wine industry, this translates
to precision viticulture, whose fundamentals
have been used to optimise grape production
processes, particularly those related to harvest
forecasting.

Yield forecasting is one of the key
elements in the viticultural value chain. It has
the objective of predicting as accurately as
possible the quantity of grapes for winemaking
that will be harvested in a specific season
(Dami & Sabbatini 2011, Sabbatini et al.
2012). Precise and on-time information about
yield is crucial to improve the efficiency of
vineyard and winery operations, to decide
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VITICULTURE YIELD FORECASTING

Figure 1. Satellite image corresponding to veraison in one of the blocks of Lourdes estate
(Pencahue, Maule Valley, Chile), during season 2020.

on new investments in winery equipment,
and to make grape and wine purchase
decisions. It is also essential to successfully
regulate vineyard yield, preventing under
and over cropping and maintaining healthy
and balanced vines each season (Bocco et
al., 2015, Carrillo et al. 2016, Cunha et al.
2010, Dami & Sabbatini 2011, Diago et al.
2012, Dunn 2010, De la Fuente et al. 2015,
Sabbatini et al. 2012).

Achieving a good result from yield
forecasting is not easy. The high spatial
variability of vineyards and increasingly
unstable seasons due to climate change are
among the factors that affect yield and make
this task increasingly complex. Currently,
there is not a standardised methodology

for achieving an appropriate vineyard

yield prediction before veraison and with

an accuracy greater than or equal to 90%
(Carrillo et al. 2016, Diago et al. 2012, Dunn
and Martin 2004, Sabbatini et al. 2012). Today,
forecasting methods (that we call ‘traditional’)
show an average accuracy of around
70%-80% per vineyard block and they are
destructive, laborious, time consuming
and/or expensive (Blom and Tarara 2009,
Diago et al. 2012, Dunn and Martin 2004).
These traditional methods (TM) are based on
manual grape cluster counting and weighing
using a random sampling method that does
not objectively consider spatial variability

and is mainly based on the experience of
managers.

Table 1. Relative accuracy(%) in grape yield forecasting reported for each method, traditional
(TM) and ML-based method, after comparing against actual yield (in ton/ha). Standard deviation
(SD) of the accuracy are also included. Forecasts were generated before veraison was
completed (late January 2020) and actual yields were obtained during harvest (March-April 2020).
In the case of the ML-based method, errors correspond to the application of the algorithm that
presents the best performance between the three previously selected.

Trellis Area(ha)
system

6 Free-cordon 21.8

10 Free-cordon 1.1

13 Free-cordon 9.77

29 Pergola 19.7
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Actual yield ™ ML-based
(ton/ha) (% accuracy) | method

(% accuracy)
13.6 89.7 92.6
14.6 97.3 95.2
12.4 79 91.1
20.7 89.9 90.8

MAPE(%) 89.9 92.4
SD(%) 7.9 2.0
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Therefore, improved methodologies are
necessary for early and accurate vineyard
yield forecasting. New methods, mainly
based on digital technologies, have emerged
in recent years as interesting alternatives
for industrial applications. Most of them are
supported by remote sensing technologies,
such as satellite imagery, multispectral
cameras coupled to a UAV (unmanned
aerial vehicles) or mobile robots (multi-rotor
and fixed wing drones). These technologies
have been optimised and can be effectively
implemented in vineyard operations to capture
key data and characterise spatial variability
(Matese et al. 2015, Santesteban 2019). In
addition, computer vision and machine learning
technologies are growing rapidly and they have
demonstrated to be useful for analysing data
and determining key vine and yield parameters
(Di Gennaro et al. 2019, Kurtser et al. 2020,
Liu et al. 2017, 2018, 2020, Nuske et al. 2014,
Pérez-Zavala et al. 2018, Silver & Monga
2019).

As an alternative to traditional methods,
we proposed, developed and validated a
new machine-learning-based (ML-based)
system for early and accurate vineyard yield
forecasting, i.e. before the completion of
veraison with a forecasting accuracy greater
than 90% per block. We focus mainly on
the characterisation of the spatial variability
of the vineyard. Using this information we
constructed a data acquisition protocol that
takes this variability into account. Finally, we
processed this information and developed the
ML-based models to give a yield forecast.

METHODS

The development of the new harvest
volume forecast system can be divided into
five critical areas: (i) construction of a historical
database; (i) characterisation of vineyards
spatial variability using satellite data; (iii)
systematic cluster counting, sampling and
weight measurements, based on the spatial
variability (for the trial season); (iv) acquisition
and integration of key agroclimatic data; and
(v) the construction and application of yield
forecasting models based on machine learning
(ML) algorithms and collected data.

We tested and validated the new yield
forecasting system in commercial vineyards
belonging to Vifia Concha y Toro (VCyT) in
Chile. In particular, we carried out trials in high-
yielding Cabernet Sauvignon (CS) vineyards
located in Lourdes estate (Pencahue, Maule
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Valley, Chile), during season 2020. We
covered four blocks (66ha) and two trellis
systems (pergola and free-cordon), which
were selected because they present major
challenges for forecasting in VCyT.

The main data sources were the historical
harvest yield data from the VCyT databases
for the blocks under study. These data
corresponded to the type of trellis system,
planting density, grape quality and its
classification, among other data. Data from
public agro-climatic stations were collected
from the national meteorological network
(Agromet). Here, different sources of data can
be collected such as wind speed and direction,
relative humidity, rainfall and air temperature.
Finally, satellite image data were obtained
from the Copernicus Open Access Hub, from
the Sentinel-2 satellite (Figure 1). The images
were downloaded for each season between
the periods of November and January of the
following year (before veraison). These data
were structured, curated and added to the
database.

Once the database was built, data
preprocessing steps were carried out

(normalisations and encodings), followed by
feature selection and finally various machine
learning algorithms were trained. The mean
absolute percentage error (MAPE) was used
as a performance measure. Subsequently, the
best machine learning algorithm was selected
to generate the harvest forecasts (tonnes/ha)
for veraison (late January 2020). At the end
of the season, the results of the yield forecast
obtained with the machine learning-based
system were compared with those obtained
through the use of traditional methods, using
the actual yield for each block.

RESULTS

The results showed that the ML-based
system achieved a 92.4% average accuracy,
whereas the traditional method obtained
89.9%. Moreover, the standard deviation of
the forecasts was calculated as a measure
of precision. In this case, the results showed
that the method based on machine learning
obtained 2%. Conversely, the standard
deviation obtained by the traditional method
was 7.9% (Table 1), indicating a lower

precision in the harvest volume forecast.
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CONCLUSIONS

The use of remote sensing technologies
such as satellite imagery and weather stations
are key to be able to perform sampling in a
systematic way that represents the variability
of different blocks and trellis systems. This,
combined with the use of machine learning
methods, has proven to be an effective tool to
generate early and accurate yield forecasts.

We have obtained a cost-efficient, early
and accurate new system for vineyard yield
forecasting based on machine learning
models.

The new method significantly reduces the
forecasting yield accuracy above the threshold
of 90% per block, giving an overall accuracy
of 92.4% for the Cabernet Sauvignon blocks
considered in the trial (before veraison is
completed).
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