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Abstract—Monitoring the quality attributes of grapes is a
practice that allows to check the grapes’ state of ripeness and to
decide when it is appropriate to proceed with the harvest. In the
present study, a non-destructive method based on hyperspectral
imaging (HSI) technology was developed. Analyses were carried
out directly in the field using a Vis/NIR (400-1000 nm)
hyperspectral camera (HSC) between the rows of ‘Sangiovese’
(Vitis vinifera L.) vineyard destined for wine production. One
vineyard row was analyzed on 13 different days. During the
trials, 33 berries were collected and the soluble solids content
(SSC) expressed in terms of °Brix (°Bx) was measured by a
portable digital refractometer. The mean spectra of the selected
berries were extracted from each hyperspectral (HS) image. The
pre-treated mean spectra were used to predict the SSC of the
berries by means of partial least squares (PLS) regression,
obtaining a value of R?=0.75 in cross-validation, with RMSECV
= 0.84 °Bx. The present study shows the potential of the use of
HSI technology directly in the field through proximal
measurements under natural light conditions for the prediction
of the SSC quality attribute of grapes.

Keywords—hyperspectral, in-field, grape, wine, soluble solids
content, classification, prediction

I. INTRODUCTION

Italy is the largest wine producer in the world, with a
production in 2018 of 54.8 million hL (18.8% of world
production) [1]. In an industrialized wine growing system,
monitoring the quality attributes of grapes is extremely
important: well-planned monitoring allows to check the
growth and ripening of the grapes, and finally to decide when
to proceed with the harvest. In this way, the prerequisites for
obtaining a high-quality wine are established, with the
consequent economic and social impact.

The combination of new sensor, navigation and satellite
positioning technologies adopted in order to monitor and
optimize wine production processes, are the basis of the
concept of precision viticulture (PV), which derives from
precision agriculture (PA) or precision farming. PA is a
relatively recent agricultural development model, introduced
in the mid-1980s: thanks to PA’s own methods it is possible
to increase the quantity and quality of agricultural production
by reducing inputs (water, energy, fertilizers, pesticides, etc.).
The objectives are the reduction of production costs,
environmental impact and the increase of production,
improving its quality [2], [3]. PV was first applied in the
middle of the first decade of the 2000s.

The most recent studies related to PV have largely made
use of unmanned aerial vehicles (UAV), due to reduced

operating costs, greater flexibility of use and spatial imagery
resolution than traditional aircraft or satellite based
technologies [4]. Several imagery technology instruments are
implemented on UAVs: RGB, multispectral (MS), thermal
infrared (TIR), 3D-radar, visible (VIS), short-wave infrared
(SWIR), short-wave near-infrared (SW-NIR) spectroscopy.
Recent studies regard vines vigour, water stress, and
grapevine diseases. UAV and satellite MS imagery were
compared to measure normalised difference vegetation index
(NDVI), which is related to crop vigour [5]. MS and RGB
airborne remote sensing imagery were adopted to evaluate
vines vigour from NDVI and to relate it to yield, berry
composition and vine sanitary status [6]. RGB, MS, TIR
imagery were implemented to evaluate NDVI, crop surface
model (CSM), surface temperature, and crop water stress
index (CWSI) [7], [8], with the aim of correlating vigour maps
with potential water stress of vines and canopy height to assess
climate change impact [7]. Vegetation indexes data (NDVI,
green NDVI, red-edge NDVI and normalized difference
infrared index) from space-borne and UAV imagery in
VIS-NIR-SWIR bands were compared with extracted
anatomical and stable isotope traits (linked with hydraulic
behaviour, water status and use of resources) from tree-ring
series [9]. Aerial SWIR and multispectral UAV data were
applied to estimate water stress in vineyards [10]. Merged 3D
point cloud, MS and TIR data related to crop canopy were
adopted to describe vines vigour and water stress [11].
Airborne TIR imagery was adopted to compare water stress
indexes CWSI and linear thermal index (Iy) with the
traditional vine water status metrics stomatal conductance (g)
and stem water potential (W) [12]. Airborne MS imagery data
were integrated with a decision-oriented vine water
consumption model to optimize precision irrigation [13]. 3D
point cloud crop models were adopted to describe vineyard 3D
macro-structure [14] and to evaluate leaf area index (LAI)
[15]. Flavescence dorée grapevine disease [16]-[18] and
grape trunk diseases [17] were evaluated by means of MS
[16], [17] and RGB [18] imagery.

In recent decades, global climate change has generally led
to an increase in the soluble solids content (SSC), or sugar
content, of the berries. Usually, harvesting tends to be carried
out earlier, phenolic and aromatic ripeness is not always
reached, and acidity tends to decrease. As a result, the alcohol
content of the wine increases, in contrast to its ageing capacity
[19]. However, for instance by acting on irrigation through the
use of techniques such as the regulated deficit irrigation
(RDI), significant increases in SSC and anthocyanins can be
achieved, together with a decrease in yield and berry size,
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leading to substantial improvements in grape quality [20],
[21].

Monitoring of grape quality attributes can be carried out
directly in the field using traditional destructive techniques.
Alternatively, quality attributes can be estimated through the
use of non-destructive techniques, such as near infrared (NIR)
spectroscopy. Portable NIR instruments were used to
determine the following quality attributes of grapes: water
content, SSC, reductant sugars, pH, titratable acidity (TA),
maturity index (sugar/acidity ratio), extractable anthocyanins
(EA), potential anthocyanins (PA) [22].

Among the spectroscopic techniques, since a couple of
decades the use of hyperspectral imaging (HSI) technology in
the quality assessment of fruits and vegetables has become of
increasing interest [23], [24]. HSI was initially limited to
controlled environments such as laboratories: gradually,
thanks to the miniaturization and to the increase in computing
and data storage capabilities of the instruments, its use began
to spread directly in the field [25]. Hyperspectral (HS) images
can be captured either remotely by airborne vehicles and
unmanned aerial vehicles [26]-[28], or by ground vehicles
[29]-{35], which produce proximal HS images with high
spatial resolution. Proximal HSI could therefore allow
non-destructive, contactless and automated monitoring of
grape quality attributes. Moreover, the acquisition of
hyperspectral images can be performed continuously,
enabling the rapid scanning of large areas. The HS data is
characterized by two spatial and one spectral dimension,
therefore only specific regions of interest (ROI) can be
selected and the residual regions can be excluded.

The present study aims to predict the SSC of grapes
through the use of HSI technology directly in the field, in order
to observe the SSC evolution during ripening. Spectral
classification on each HS image was achieved by manually
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Fig. 1 (a) Representation of the vineyard row analyzed, which was divided
into 11 sections. (b) A hyperspectral image was acquired for each section of
the vineyard row (section n. 9 is provided for illustrative purposes) for each
day of analysis; the mean spectrum of grape berries was calculated, which
was obtained by manually selecting 5 zones within the grape berries and then
applying the absolute difference Manhattan function. The regions of interest
obtained are represented in red. (c) 3 grape berries were collected for each
section of the vineyard row (section n. 9 is provided for illustrative purposes)
for each day of analysis; soluble solids content, expressed in °Bx, was
measured using a digital refractometer; afterwards, the mean value of soluble
solids content was calculated.

selecting the points. To the resulting mean spectrum, absolute
difference (Manhattan) metric distance function was applied.
From the classified points resulting from each HS image a
mean spectrum was calculated. The SSC content in grapes was
predicted by means of PLS regression.

II. MATERIALS AND METHODS

A. Samples and setup

One side of a row of ‘Sangiovese’ (Vitis vinifera L.) grape
vineyards, located near Cesena (Italy), was analyzed on 13
different days in the period between August 20" and October
4t 2019.

The row was divided into 11 sections; from each section 3
grapes were taken for each day of analysis, for a total of 429
samples (Fig. 1).

B. Hyperspectral scans

The adopted push-broom hyperspectral camera (HSC)
(Nano-Hyperspec VNIR, Headwall Photonics, Inc.,
Fitchburg, MA, USA) scans single lines in a sequence, each
one consisting of 640 voxels: the HS image is created by
moving the HSC along the scanning direction (Fig. 2). Each
voxel contains, in addition to the two spatial dimensions, a

Fig.2 (a) In-field hyperspectral imaging to measure soluble solids content
of wine grape berries during ripening. In the picture a vineyard row,
highlighted by the purple surface, was scanned with a Vis/NIR hyperspectral
camera: the red arrow indicates the direction of scanning. The vineyard is
located near Cesena, Italy. (b) Cart adopted for hyperspectral image
acquisition.



Fig.3 (a) RGB image from a hyperspectral image of a scanned vineyard
row section. (b) Representation of the regions of interest resulting from the
classification (in red), from which the mean spectrum of the scanned
vineyard row section was derived.

Vis/NIR spectrum (400-1000 nm) characterized by 272
spectral bands, with a nominal spectral resolution of 2.2 nm.
The mounted lens has an effective focal length (EFL) of
17 mm, with the optical axis perpendicular to the side of the
vineyard row (scanned surface) analyzed. The HSC was
installed on a garden cart (Fig. 2) 120 cm above the ground.
The scans were performed at about 160 cm from the side of
the vineyard row. The HSC was powered by a 12V, 45 Ah
automotive battery through a DC to AC power inverter.

A HS image from each of the 11 sections obtained from
the vineyard row was acquired per day of analysis: therefore,
during the 13 days of analysis, a total of 143 vineyard row
sections were scanned. Direct sunlight in clear sky conditions,
from 10:30 to 12:00, was exploited as a light source.

The raw diffuse reflectance spectrum (Rr) was extracted
from the HS images.

C. Destructive measurement of soluble solids content

After the acquisition of the HS images, the SSC, expressed
in °Brix (°Bx), of the grape berries was measured using a
portable digital refractometer (PR-101 Digital Refractometer,
ATAGO CO.,LTD, Tokyo, Japan). From 3 grape berries from
each of the 11 sections of the vineyard row, 2 drops of juice
per berry were extracted and analysed, and finally the mean
for each section was calculated. The SSC measurement was
repeated on all days of analysis.

Analysis of variance (ANOVA) with Tukey-HSD
post-hoc test (p-level >0.05) was applied to evaluate
significant differences between SSC means over the different
days of analysis.

D. HSI analysis

Spectra classification was achieved adopting the software
HyperCube, v. 11.52 (U.S. Army Engineer Research and
Development Center — ERDC, USA). For each HS image, 5
points and a maximum of a further 120 in surrounding
neighborhoods (11x11 voxels matrix, with the selected
hypercube point in the center of the matrix) were manually
selected on 5 different berries directly illuminated by the sun,
not in the shade (Fig. 3). Finally, those points (reference)
whose metric distance, calculated by applying absolute
difference (Manhattan) function and normalized in the range

[0,1], from the mean spectrum (signature) of the manually
selected points was within the range (tolerance threshold)
[0,0.04] were included in the classification (Fig. 3).

From the spectra of the classified points, the mean
spectrum for each HS image was calculated.

A PLS regression model (The Unscrambler 9.7, Camo
Analytics AS, Oslo, Norway) was developed to estimate the
SSC of berries. The spectral bands between 400—424 nm and
976-1000 nm were omitted as a result of the low
signal-to-noise ratio (SNR) produced by the HS sensor. The
mean spectra were mean-centered and pre-treated with the
Savitzky-Golay smoothing transformation (polynomial
order:2; smoothing points: 15) and the standard normal variate
(SNV) method to reduce noise from the spectra and enhance
prediction performance. The validation was carried out by the
segmented random cross-validation method (segments: 10).

III. RESULTS AND DISCUSSION

The increase in SSC between the first and last day of
analysis was 27.5%, from 17.8 °Bx (day I) to 22.7 °Bx (day
XIII). There were significant differences between the SSC
values during the investigated period.

Raw mean spectra of all the samples by day of analysis are
presented in Fig. 4. In the Vis/NIR region (400-1000 nm), the
visible spectrum (400700 nm) presents the absorption bands
of some substances used as ripening indexes of fruit:
anthocyanins at around 500 nm, carotenoids at 570-590 nm,
and chlorophyll-a at 680—-710 nm [36], [37]. In the NIR region
(700-1000 nm), absorption bands of water at 760 nm and
960-970 nm are characterized by the overtone of O-H bonds
[38], [39]: since the water content of a ripe wine grape is 70—
80% [40], it can be expected that the water-related absorption
band will prevail. Absorption bands around 840 nm were
associated with sugar [41]; moreover, peaks observed in the
950-1000 nm region were related to both water and
carbohydrates, as the second overtone of O-H and N-H, a
combination band of O-H bonds and the third overtone of
C-H, were found in the region [42]. As observed, the water
absorption peaks in the NIR (700-1000 nm) spectral region
are not very marked and wide. Therefore, spectral information
from SSC in the 800-1000 nm range will tend to be less
covered by water [42], [43].
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Fig. 4 Raw spectra of all samples on different days (from I to XIII) of
analysis.
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Fig. 5 Reference vs predicted values of soluble solids content (°Bx) in
calibration (blue) and cross-validation (red), obtained by PLS regression.

The PLS results, in terms of R>, RMSE and number of
latent variables, in calibration and cross-validation, are
reported in (Fig. 5). The model was obtained pre-treating
(Savitzky-Golay smoothing, SNV) and mean-centering the
spectra; the best predictive power was achieved selecting 5
latent variables. Prediction of grape SSC yielded a R =0.75
in cross-validation (RMSECV = 0.84 Bx).

Other studies developed prediction models employing
spectra in the same wavelength range of the present study:
Reference [44] adopted a lab-scale HSI system (400-
1000 nm) with artificial illumination to analize SSC on seven
cultivars of white and red/black table grapes (120 samples),
obtaining by PLSR a R? of respectively 0.93 and 0.94 in
validation, with a RMSE 0f 0.06 and 0.12 °Bx. Reference [45]
predicted SSC on 480 samples of ‘Cabernet Sauvignon’ wine
grape berries with a portable hand-held NIR spectrometer
(590-1090 nm), obtaining a R?=0.72 and
SEPCV =0.61 °Bx. Reference [46] adopted a Vis/NIR
spectrometer (400—1000 nm) directly in the field on 156 grape
samples, obtaining in  validation r=0.82 and
RMSEP = 1.48 °Bx. Considering the r and R? values of the
above-mentioned studies conducted directly in the field or
with portable instruments, it can be found that they are in
agreement with the value of the present study.

IV. CONCLUSIONS

Hyperspectral imaging technology, usually adopted in
laboratories with auxiliary artificial lighting, in the present
study has proved to be suitable to predict directly in the field
and under natural lighting conditions the SSC of wine grapes,
in order to monitor their evolution during ripening. The
development of a predictive model based on PLS produced
results similar to those obtained with portable Vis/NIR
spectrometers, with R = 0.75 and RMSECYV = 0.84 °Bx.

The implementation of a hyperspectral imaging system on
an agricultural vehicle coupled to a gimbal stabilization
system, together with the development of hyperspectral image
segmentation techniques, in order to reduce the data size, to
select regions of interest and to process spectra, would allow
on-the-go analysis of large vineyard extensions. Attention
should be paid to the presence of water on the surface of the
sample under analysis, to the presence of variable cloudiness
and, in case the leaves are analysed, to the presence of wind.
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