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Abstract

Yield estimation is of great interest in viticulture, since an early estimation

could influence management decisions of winegrowers. The current practice

involves destructive sampling of small sets in the field and a subsequent

detailed analysis in the laboratory. The results are extrapolated to the field

and only approximate the actual conditions. Therefore, research in recent

years focused on sensor-based systems mounted on field vehicles since they

offer a fast, accurate and robust data acquisition. However many works

stop after detecting fruits, rarely the actual yield estimation is tackled. We

present a novel yield estimation pipeline that uses images captured by a

multi-camera system. The system is mounted on a field phenotyping platform

called Phenoliner, which has been built from a modified grapevine harvester.

We use a neural network whose output is used to count berries in single

images. In contrast to other existing methods we take the step from the

single vine image processing to the plant level. The information of multiple

images is used to acquire a count on plant level and the approach is extended

to the processing based on the whole row. The acquired berry counts are
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used as input for the yield estimation, and we explore the limitations and

potentials of our pipeline. We identify the variability of the leaf occlusion as

the main limiting factor, but nonetheless we achieve a mean absolute yield

prediction error of 26% for plants in the vertical shoot positioned system.

We evaluate each described stage comprehensively in this study.

Keywords: Deep Learning, Semantic Segmentation, Geoinformation,

Viticulture, Yield Estimation

1. Introduction

Grapevine is one of the ecologically most valuable crops. But in contrast

to many other agricultural crops, like wheat (Ray, Mueller, West and Foley,

2013) or maize, the goal is not yield enhancement. The focus in viticulture is

on quality aspects and the optimization of resources, since a larger amount of

grape bunches and berries leads to a decrease in wine quality (Howell, 2001).

In general, guided management and breeding decisions in agriculture re-

quire reliable, objective and exhaustive information about phenotypic traits

of the relevant crop. Especially yield estimations depend on information

like the number, size and weight of crops. The large scale acquisition of

these phenotypic data and their respective automatic analysis is called high-

throughput phenotyping (Araus and Cairns, 2014) and the recent develop-

ments in this research field are mainly driven by the development of sensors,

like thermal-, RGB (red/green/blue)-, RGBD (r/g/b/depth)- and multi-

spectral cameras, as well as laser scanners. The main advantages of these

automatic procedures are the coverage of large field portions, as well as ob-

jectivity, repeatability, and high quality results.
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Challenges arise especially for perennial crops like apples or grapevine,

where phenotyping has to be performed in the �eld under sometimes dif-

�cult terrain situations. Traditionally these procedures include simple vi-

sual screening, counting of yield components in the �eld or even harvesting

samples and weighing them in the lab (Alercia et al. (2009), Lorenz et al.

(1995), Bloesch and Viret (2008)). The collected samples or information

need to be investigated by skilled experts (Nuske et al., 2014) but these pro-

cedures are nonetheless time consuming, error prone and highly subjective.

Another drawback is that information are extrapolated from small samples

to large �elds. Therefore recent research focuses on objective, sensor-based

approaches to enable a fast and reliable high throughput phenotyping for

perennial crops, including viticulture (Matese and Gennaro, 2015).

For this purpose, di�erent sensors, data acquisition strategies and even

platforms were developed in several studies. From handheld sensors (Kur-

tulmus, Lee and Vardar, 2011, Linker, Cohen and Naor, 2012, Dorj, Lee

and Yun, 2017), over small (Gao et al., 2020, Hemming et al., 2014) to

big phenotyping vehicles (Kicherer et al., 2017, Gan et al., 2020), up to

drones (Kalantar, Edan, Gur and Klapp, 2020, Gennaro, Toscano, Cinat,

Berton and Matese, 2019). The used sensors include RGB (Nuske et al.,

2014, Zabawa et al., 2020), (Aquino, Millan, Diago and Tardaguila, 2018),

multi- or hyperspectral cameras (Bendel et al., 2020), over RGBD-sensors

(Kurtser, Ringdahl, Rotstein, Berenstein and Edan, 2020) to laser scanners

(Tagarakis, Koundouras, Fountas and Gemtos, 2018).

Many works, not only in viticulture, tackle the problem of detecting and

localizing fruit as a �rst step for yield estimation. In some cases the detection
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is straightforward if the fruit has a very distinct color, for example orange

citrus fruit (Dorj, Lee and Yun, 2017) or red grapes (Diago et al., 2012, Silver

and Monga, 2019) in front of green canopy. In other cases the detection is

more challenging, especially for green fruits in front of green canopy (Kurtser,

Ringdahl, Rotstein, Berenstein and Edan, 2020, Kurtulmus, Lee and Vardar,

2011, Linker, Cohen and Naor, 2012, Stein, Bargoti and Underwood, 2016).

For the latter case, many di�erent strategies were developed, either by us-

ing only RGB images or with the help of additional sensors. For example

Wachs, Stern, Burks and Alchanatis (2010) detect green apples using multi-

modal data consisting of RGB and thermal images while Linker, Cohen and

Naor (2012) use only RGB images. Gen�e-Mola et al. (2020) on the other

hand detect apples with a LIDAR mounted on mobile platform. Gan, Lee,

Alchanatis and Abd-Elrahman (2020) use only thermal images in combina-

tion with a water spraying system to detect green citrus fruit. Nuske, Achar,

Bates, Narasimhan and Singh (2011) and Roscher et al. (2014) detect single

green grapevine berries as circular objects in images by using a Hough- or

radial-symmetry-transform respectively. Diago et al. (2012) use the Maha-

lanobis distance for the detection of berry and leaf pixels. Kicherer et al.

(2015) developed a �eld phenotyping platform which was later used by Rose

et al. (2016) to reconstruct 3D point-clouds from image sequences for the

detection of single grapevine berries. Nyarko et al. (2018) identify fruits as

convex surfaces.

With the rise of deep learning methods new approaches based only on

RGB images emerged. The applications for images include the detection

of grapevine in
uorescenses (Rudolph, Herzog, T•opfer and Steinhage, 2018)
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or berries (Aquino et al., 2016, 2018, Zabawa et al., 2020, Cecotti et al.,

2020) with convolutional neural networks (CNNs) or the adaptation of a

crowd-counting algorithm (Coviello, Cristoforetti, Jurman and Furlanello,

2020). Others use a state-of-the-art instance segmentation network, the

Mask-RCNN, for the detection and tracking of grapevine berries (Nellithi-

maru and Kantor, 2019, Santos, de Souza, dos Santos and Avila, 2020). For

a further review about di�erent sensors and algorithms, which were used for

fruit detection and localization we refer the reader to Gongal, Amatya, Kar-

kee, Zhang and Lewis (2015). For deeper insights in the usage of computer

vision, especially stereo methods in fruit picking systems, we refer the reader

to Tang et al. (2020).

Many of these works stop after detecting the fruits, only rarely the subse-

quent problem of yield estimation is actually addressed. Even the de�nition

of yield ranges from a comparison of predicted and actual fruit count (Bar-

goti and Underwood, 2017, Dorj, Lee and Yun, 2017) to the investigation of

the harvest weight with respect to estimated weight (Kalantar, Edan, Gur

and Klapp, 2020). Anderson, Walsh and Wulfsohn (2021) give a systematic

overview of recent advances on the forecasting of yields for tree fruits.

In viticulture, di�erent parameters can be used at di�erent points in time

to forecast yield with a yield function (de la Fuente, Linares, Baeza, Mi-

randa and Lissarrague, 2015, Clingele�er, Dunn, Krstic and Martin, 2001,

Coviello, Cristoforetti, Jurman and Furlanello, 2020). These parameters in-

clude cluster number, size, volume, length and width (Kicherer, Roscher,

Herzog, F•orstner and T•opfer, 2014, Ivorra, S�anchez, Camarasa, Diago and

Tard�aguila, 2015, Hacking, Poona, Manzan and Poblete-Echeverr��a, 2020,
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Gennaro, Toscano, Cinat, Berton and Matese, 2019), (Kurtser, Ringdahl,

Rotstein, Berenstein and Edan, 2020, Santos, de Souza, dos Santos and Avila,

2020). Usually a weight factor needs to be taken into account, respectively

an average bunch weight or the weight of single berries, which are collected

manually and averaged over many years. Other works estimate the fruit

weight directly from the image (Kalantar, Edan, Gur and Klapp, 2020, Sil-

ver and Monga, 2019) or correlate the number of detected objects with the

harvested yield at the end of the season (Nuske, Achar, Bates, Narasimhan

and Singh, 2011). One example for a complex approach which is based on

a combination of counting and manual sampling is presented by (Coviello,

Cristoforetti, Jurman and Furlanello, 2020). They describe the yield initially

as a function of the number of vines per surface unit, the number of grape

bunches per vine and the average grape bunch weight. Due to practical lim-

itations, they substitute the average grape bunch weight with the number of

berries per bunch and the average berry weight. Others on the other hand

propose a minimalistic approach inspired by Clingele�er, Dunn, Krstic and

Martin (2001). They estimate the yield at harvest as a function of the berry

number and the average berry weight (Nuske et al., 2014, Aquino et al.,

2018), since 90% of the yield variation are caused by the berry number per

vine, while the remaining 10% are caused by the average berry weight (Clin-

gele�er, Dunn, Krstic and Martin, 2001). For a detailed review regarding

yield estimation we refer the reader to Darwin, Dharmaraj, Prince, Popescu

and Hemanth (2021) and Koirala, Walsh, Wang and McCarthy (2019).

One of the limiting factor for all automatic yield estimation approaches

is the visibility of the investigated yield components. This could mean for
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example, that grapes or berries are occluded in the images due to leaves.

One idea to minimise the occlusion is the usage of active air
ow to move

canopy out of the way (Gen�e-Mola et al., 2020). (Koirala, Walsh, Wang and

McCarthy) used a dual viewpoint approach for mango fruit load estimation

and estimated occlusion correction factors based on manual counts. Other

approaches, especially for sweet pepper harvesting in horticulture, try to de-

crease the e�ect of occlusions by investigating the bene�ts of multiple but

static viewpoints (Hemming, Ruizendaal, Hofstee and Henten, 2014, Harel,

van Essen, Parmet and Edan, 2020). Wang, Walsh and Koirala (2019) de-

veloped a multi-viewpoint approach based on 10 fps video sequences for the

counting of mango. They tracked detected fruits in neighbouring frames with

the Hungarian Algorithm and predicted their positions in following frames

using a Kalman-Filter. Kurtser and Edan (2018a,b) focused on a dynamic

planning of viewpoints for a robotic arm, which can guide harvesting deci-

sions. Gao et al. (2020) on the other hand classi�ed the detected apples into

di�erent occlusion classes to decide on di�erent picking strategies.

In this paper, we present and evaluate novel data analysis pipeline for

automated grapevine yield estimation. This pipeline is based on a method

for counting of berries in single images, which has been presented by the

authors in an earlier publication (Zabawa et al., 2020). This method has

been extended to be used on multiple overlapping images, which are taken

from a mobile multi-camera system. The pipeline considers vertical and

horizontal overlap between the images and predicts the yield of full plants

or even rows. With the collected image data in combination with reference

yield data, acquired over several years, we focused on the estimation of yield
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and the main challenges in this process. We identi�ed the visibility of the

used yield components, the berry number, as the key factor in
uencing the

yield estimation and performed leaf occlusion experiments with the goal of

improving the yield estimate. Lastly, we perform a yield estimation for the

vertical shoot positioned (VSP) system based on the number of detected

berries and an average berry weight which we collected manually over three

years. In addition, we put the results into perspective with regards to other

image-based and classical approaches.

2. Materials and Methods

Our pipeline covers various steps from image acquisition to the estimation

of yield in kg. In the following, we will �rst present the �eld phenotyping plat-

form and the sensors which were used for the data acquisition. Furthermore,

we will give detailed information regarding collected data and algorithms for

the evaluation. We start with a brief introduction regarding single image

data, explain the approach for handling the vertical overlap on the plant

level and the way we handle the horizontal overlap, and end with the yield

estimation procedure.

2.1. Sensor System

The data acquisition process was performed with the Phenoliner (Kicherer

et al., 2017), a �eld phenotyping platform. The platform itself is a modi-

�ed grapevine harvester from ERO Ger•atebau (Niderkumbd, Germany), the

ERO-Grapeliner SF200. The harvesting equipment, including the shaking

unit, destemmer and grape tank were removed and a multi-camera system

was installed in the so called 'tunnel'. The platform was further equipped
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with an arti�cial lighting system as well as a di�use back wall. To ensure

a precise positioning, a real time kinematic (RTK)-GNSS System (SPS852,

Trimble ® , Sunnyvale, CA USA) was put on top of the Phenoliner. It is able

to achieve an accuracy of 2 cm.

(a) Phenoliner (b) Camera System

Figure 1: 1a shows the phenotyping platform Phenoliner (Kicherer et al., 2017).

It is based on a grapevine harvester from ERO Ger•atebau, where the harvesting

equipment was removed and camera systems, lighting units and di�using back-

ground were installed. The camera system used can be seen in 1b and consist of

�ve cameras which deliver overlapping images of the canopy. The vertical cameras

are positioned with 35 cm between each camera resulting in a maximum distance

between the outer two cameras of approximately 70 cm. This leads to a vertical

canopy coverage of 1.2 m.

The camera system consists of �ve cameras, four RGB (DALSA Ge-

nie NanoC2590, Teledyne DALSA Inc., Waterloo, ON, Canada) and one

NIR (DALSA Genie NanoM2590-NIR, Teledyne DALSA Inc., Waterloo, ON,

Canada) camera. Three of the RGB cameras are positioned on top of each
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other, each with a distance of 35 cm between each. The lowest camera is part

of the lower camera system as well, together with the forth RGB camera it

encloses the NIR camera. These cameras are positioned directly beside each

other, leading to a baseline of 7 cm each. The cameras have a 5.1 Megapixel

sensor and 12 mm lenses, each image has dimensions of 2592� 2048 pix-

els, leading to a real world resolution of 0.3 mm. In our experiments we

used the images captured with the three vertical cameras. We didn't use the

two remaining cameras (RGB and NIR), but included them in the above-

description for the sake of completeness. The combination of the GNSS

receiver on top of the Phenoliner, the data from a dual axis inclinometer and

a previously performed system calibration, we were able to determine the

absolute position of each camera with an accuracy of about 3cm.

2.2. Data

We collected several datasets in three consecutive years, 2018 - 2020. The

data collection was performed in experimental vineyard plots at the JKI Geil-

weilerhof located in Siebeldingen, Germany (49°21.747'N, 8°04.678'E). The

datasets include image sequences covering whole rows of vines and reference

data corresponding to selected plants in each row. Tab. 1 summarises the

collected data regarding the di�erent varieties and training systems. For each

variety we give the number of observed plants and the number of reference

plants. The reference plants remained the same over the three years.

2.2.1. Image data

Three di�erent grapevine (vitis vinifera ) varieties were observed with the

Phenoliner over these three years: Riesling, Felicia and Regent (see Fig.
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Table 1: Overview of the collected data over the years 2018 to 2020. We observed three

di�erent varieties and two training systems. In each row 10 plants (one meter of canopy)

were harvested manually at the end of the season as a yield reference. The observed

reference plants were the same each year.

Years Variety # Rows # Plants # Reference plants

SMPH VSP (10 each row)

2018 - 2020 Riesling 4 3 175 70

2018 - 2020 Felicia 2 2 387 40

2018 - 2020 Regent 2 2 205 40

2). The image acquisition process involved driving through each row and

collecting images approximately every 4 cm. Each variety was grown in two

di�erent training systems, the vertical shoot positioned system (VSP) and

the semi minimal pruned hedge (SMPH). Each training system poses di�erent

challenges which have to be acknowledged. The VSP is a traditional system,

with only one main branch. In one side of the canopy defoliation is performed

in the fruit-zone after 
owering. The grape bunches are compact, with a

homogeneous berry size, and occur mainly in the lower part of the canopy in

the fruit zone. The SMPH on the other hand features many branches and a

large amount of leaves, since the canopy is not reduced. The grape bunches

are scattered across the whole canopy but appear mainly in the upper part

of the canopy. The bunches itself are loose and have inhomogeneously sized

berries.

From this extensive image database 59 images were labelled manually on

berry instance level using a image editing software. For more details we refer
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