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Introduction 
 
The science of winemaking has significantly evolved at every stage of its production process, 
starting at the vineyard where much is defined about the quality of wine. Besides phytosanitary 
status, the evaluation of grape quality is mainly associated to grape ripeness, based on the 
evolution of oenological parameters over time, which determines the optimal time for 
harvesting depending on the desired wine to be obtained. Monitoring maturation possess 
problems related to the huge variability of grape composition, grape variety and terroir. Usually 
this evaluation is done through classic physical and chemical methods performed off-line, 
using a limited number of samples, that are time consuming, costly, invasive and generate 
chemical waste.  
 
Last years have witnessed significant efforts of different academic researchers and producers 
to develop innovative and less expensive approaches to accomplish a faster, non-destructive, 
non-invasive and ultimately more sustainable grape maturity assessment. Spectroscopy 
coupled with digital image techniques, namely hyperspectral imaging (HSI), has emerged as 
a very attractive and viable alternative to classic techniques. This imaging technology, in 
reflectance mode, collects information about the intensity of light reflected by grapes as a 
function of their wavelength (Gowen et al., 2007; Hall et al., 2002), measuring simultaneously 
thousands of points over a sample without requiring contact between the spectrometer/camera 
and the grape. Additionally, hyperspectral imaging allows the acquisition of a large number of 
samples and assess grape ripeness locally in the vineyard, being an important added value 
for the industry. However, the large amount of data generated by this approach, as it includes 
not only relevant but also a lot of redundant information, raise computational challenges for 
data-driven modelling. Several multivariate and machine learning approaches have been 
proposed as an additional powerful tool to handle such data characteristics and have been 
proven to be an objective and efficient methodology combination in predicting oenological 
parameters of grape berries (Cao et al., 2010; Chen et al., 2015; Cozzolino et al., 2004, 2006; 
Fadock et al., 2016; Fernandes et al., 2015; Ferrer-Gallego et al., 2011; Geraudie et al. 2009; 
Gomes et al., 2015, 2017a,b; González-Caballero et al., 2011; Larrain et al., 2008; Le Moigne 
et al. 2008; Nogales-Bueno et al. 2014; dos Santos Costa et al. 2019; Silva et al. 2018). 
 
Inspecting the generalization ability of the approach with different vintages/varieties is 
fundamental to acquire robustness in the final methodology. If it is not possible to reach the 
task of generalization in grapes the problem becomes more complex, since it will be necessary 
to train a model at every year to be used for that particular year. There are numerous works 
employing data from different vintages and varieties. However, the scientific literature for the 
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generalization task is practically non-existent and only a very few works (mostly ours) that 
trained models with grapes from one vintage and tested the models with grapes from another 
vintage can be found (Fadock et al., 2016; Gomes et al., 2017a,b; Janik et al., 2007; Silva et 
al., 2018). Taking this into account, the current study is focused on two interrelated objectives: 
i) evaluating the performance of each developed method (partial least squares regression, 
PLSR; and Neural Networks, NNs) in generalizing, that is, a successful prediction using data 
from different vintage and/or variety, not employed in the training process; and ii) comparing 
the performance of the proposed machine learning with deep learning algorithms 
(convolutional neural network, CNN) using data from several vintages (from 2012 up to 2018) 
to train and test the models, addressing the issue of natural variability. The use of deep learning 
algorithms, that are emerging in computer science domain with excellent results in extracting 
complex patterns of data for a wide field of applications, can be a plus in this prediction context. 
Also, performing this comparison is relevant since the fundamentals of the proposed learning 
algorithms are different which result in different models, and it is impossible to know in advance 
which algorithm will be the most suitable to the problem. 
 
Herein, we present the application of these approaches towards the assessment of grape 
ripeness focusing on sugar content, an essential maturity index. 
 
 
Material and Methods  
 
An illustrative scheme of the overall procedure considered in this study is summarized in 
Figure 1, and the different steps are briefly described below. 

 
Figure 1. Graphical representation of the procedure adopted in the current work.  
 
This study focused on Touriga Franca (TF), Touriga Nacional (TN) and Tinta Barroca (TB) 
grape varieties, harvested from vineyards of Quinta do Bomfim, Pinhão, Portugal, property of 
Symington Family Estates, one of the world’s largest producers of Port wine. Grape samples 
of TF were collected in 2012, 2013, 2014, 2016, 2017 and 2018 vintages, while TN and TB 
varieties were harvested in 2013, 2014, 2016 and 2017 vintages. A total of 2682 grapes 
bunches were collected between the beginning of veraison and maturity, from three different 
vineyard locations. Each sample comprising six or 12 grape berries, randomly collected from 
a single bunch with their pedicel attached, was imaging, and then frozen at -18ºC.  
 
Hyperspectral data samples were collected using the following hyperspectral imaging system 
acquisition: a hyperspectral camera, composed of a JAI Pulnix (JAI, Yokohama, Japan) black 
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and white camera and a Specim Imspector V10E spectrograph (Specim, Oulu, Filand); lighting, 
using a lamp holder with 300x300x175 mm3 (length x width x height) that held four 20W, 12V 
halogen lamps and two 40W, 220V blue reflector lamps (Spotline, Philips, Eindhoven, 
Netherlands), powered by continuous current power supplies to avoid light flickering and the 
reflector lamps were powered at only 110V to reduce lighting and prevent camera saturation.  
The acquired images had 1040 x 1392 pixels, with the 1040 pixels corresponding to the 
measured wavelength channels, ranging between 380 and 1028 nm, with approximately 0.6 
nm width for each channel. The 1392 pixels stand for the spatial dimension over the samples 
with 110 mm of width. The distance between the camera and the sample base was 420 mm, 
and the camera was controlled with Coyote software from JAI. After imaging, the grape berries 
were identified and extracted using image segmentation methods.  
 
In order to enable an effective and correct extraction of the information content, caused by the 
illumination and the focal plane of the hyperspectral camera, it was necessary to compute the 
reflectance measurements of the acquired HSI. To minimize the measurements noise, an 
accumulation of 32 hyperspectral images on each grape berry was performed for the intensity 
of light reflected by the grapes (GI), the intensity of light coming from the white reference (SI) 
and the dark current signal associated (DI). The reflectance measurements for each sample 
were carried out along the berry “equator”, considering the pedicel as the pole, and for two 
berry rotations. To create a unique reflectance spectrum, all berries’ points were averaged 
over the spatial dimension and rotation positions. Also, to eliminate fluctuations in the 
measured light intensities, due to the grape berry size and curvature, each spectrum was 
normalized, so that the minimum and maximum values of that particular spectrum would 
correspond to zero and one, respectively. 
 
To properly create the prediction models, true contents of sugar were assessed by 
conventional chemical analysis. In this line, the grapes were defrosted, crushed and then ºBrix  
was determined by refractometry (Organisation International de la Vigne e du Vin, 2006).  
 
Regarding the predictive methods, three different approaches (PLSR, NN and CNN) were 
considered in this study and used to build the models. PLSR is a multivariate statistical method 
firstly introduced in the field of chemometrics. The basic assumptions of PLSR are based on 
the creation of new variables, called latent variables (LV), corresponding to the projection of 
the independent (X) and dependent (Y) set of variables into new directions, maximizing the 
covariance between X and Y (Wold et al., 2001). Herein, the best number of latent variables 
was selected by minimizing the root mean squared error (RMSE) obtained by n-fold-cross-
validation for the PLSR model created. Neural Networks method belongs to machine learning 
area and involves a large number of mathematical processors in parallel that are capable of 
processing information in a way that attempts to replicate what the human brain does (Bishop, 
1995). This method has the ability of learning from patterns that constitute the training set. In 
our work, a feedforward multilayer perceptrons, composed of several layers of neurons linked 
to each other by weights that store the knowledge acquired during the learning process, was 
employed. During the training process, the weights were computed iteratively so that, for each 
input sample, the differences between the neural network output neurons outcomes and the 
true contents are minimized. Each iteration for weights adjustment is called an epoch. The NN 
was trained using the Levenberg-Marquardt algorithm, a backpropagation approach with a 
variable learning rate which is more efficient than the conventional ones. The training step was 
repeated for 100 different initial weights generated randomly and was stopped when the 
number of epochs with lowest mean squared error for validation patterns was achieved (known 
as early stopping). Hyperbolic tangent (non-linear function) and the identity (linear function) 
were the activation functions used to compute the hidden and output neurons, respectively. 
Due to the limitation on the input data dimensionality of a neural network, which should be as 
small as possible to provide good accuracies, principal component analysis technique (PCA) 
was applied in order to reduce the large dimension of the spectra. The procedure of n-fold-
cross-validation was also adopted for the development of the NN models. CNNs, also 

http://www.infowine.com/


P. MELO-PINTO et al., WINE GRAPE RIPENESS ASSESSMENT USING HYPERSPECTRAL IMAGING, PAGE 1 
 

WWW.INFOWINE.COM, INTERNET JOURNAL OF VITICULTURE AND ENOLOGY, 2021 N. 4/1  
 

abbreviated as ConvNets, fit in deep learning approaches and have been applied for different 
research fields that deal with images, being initially developed for image classification 
problems, so they are mostly applied for at least two-dimensional (2D) images (Albawi et al., 
2018). However, in our approach, the sets of spectral data resulting from HSI procedure are 
one-dimensional (1D) which implies using a 1D CNN instead of the commonly employed 2D 
or 3D CNNs. The customized HyGrapeNet was built in Python using keras v.2.2.4 package, 
fed with a one-dimensional input (1 x 1040) and followed by two one-dimensional convolutional 
layers. Twenty 1D filters were used in each convolutional layer with eight and sixteen kernel 
sizes using rectified linear unit (ReLU) as non-linear activation function. The convolutional 
kernels outputs were flattened and a dropout layer was added to avoid overfitting before 
connecting to a fully connected dense layer with a ReLU activation function. The output layer 
was a single dense neuron with a linear activation function. The training process was done 
using Adadelta optimizer (Zeiler, 2012) and the convolutional weights were initiated to random 
values and computed, iteratively, for 300 epochs. Batch size was set to 64. To obtain the 
model, an early stopping was included and the mean squared error was defined as loss 
function.  
 
PLSR and NNs computations were conducted in the MATLAB R2018b environment, version 
9.5 (MathWorks, Inc.) using in-house developed code. 
 
 
Results and Discussion 
 
A summary of the maximum, minimum and mean values of sugar parameters obtained by 
conventional techniques is shown in Table 1. These enological values were used as reference 
values to create and test the proposed models. From Table 1 is possible to verify the difference 
within a vintage and between harvest vintages, which might make more difficult the prediction 
of new vintages not employed in the created models. 
 
Table 1: Sampling characterization with their reference measurements for sugar contents. 

   Reference measurements (ºBrix) 
Vintage Variety Nº Samples Min max mean 

2012 TF 240 9.1 24.7 16.9 

2013 
TF 82 8.1 24.9 19.4 
TN 60 17.2 27.7 23.2 
TB 84 11.4 30.8 22.5 

2014 
TF 120 7.9 25.7 13.6 
TN 120 7.0 24.9 15.8 
TB 120 6.7 28.6 15.7 

2016 
TF 408 10.1 26.0 17.5 
TN 132 12.9 24.7 19.5 
TB 144 5.5 32.1 21.2 

2017 
TF 540 10.9 30.1 20.3 
TN 144 11.6 29.7 21.4 
TB 138 10.4 32.1 24.1 

2018 TF 360 11.9 30.3 18.7 
 
The prediction models were built using the procedure described above. In Table 2 are 
represented the results obtained for each created model, taking into account the generalization 
ability problem, i.e., test a vintage and/or variety that was not employed in the created model. 
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Table 2: N-fold cross-validation and external test results obtained for each model 

Training Set Model RMSEcv Test Set Model RMSEP 

TF 
(2012) 

NN 
PLSR 

1.09 
1.10 

TF (2012) NN 0.96** 
PLSR 0.94** 

TF (2013) NN 1.35** 
PLSR 1.34** 

TB (2013) NN 4.05 
PLSR 5.11 

TN (2013) NN 2.43 
PLSR 4.19 

TF 
(2012 + 2013) 

NN 1.22 TF (2014) NN 2.46 
PLSR 1.01 PLSR 5.28 

TF 
(2012+2013+2014+2016+2017) 

NN 1.40 TF (2018) NN 1.53 
PLSR 1.41 PLSR 1.91 

**Results already published in Gomes et al., 2017b. 
 
Analyzing the results for the models created with 2012 samples, it is possible to verify that both 
approaches show similar performances when the same variety (TF) is used to create and test 
the models (2012 or 2013 vintages). However, for TN and TB 2013 vintages, that were used 
as external test set in the created [TF Model (2012)], the performance suffers a major drop. 
Nevertheless, the NN approach seems to present a better accuracy than PLSR. The same 
seems to occur with the second set of data used to build and test the models, [TF Model 
(2012+2013)] and [TF Test (2014)]. This can be justified by the differences within a vintage 
and between harvest vintages, as showed in table 1. Regarding the last set used to test the 
generalization ability of the proposed models, [TF Model (2012+2013+2014+2016+2017)] and 
[TF Test (2018)], there is an increase in the performance with lower RMSE values in the 
external test set for both created models. 
 
In table 3 are shown the results obtained, regarding the proposed task of comparing the 
performance of a neural network with a deep learning algorithm (HyGrapeNet). Through the 
interpretation of the results we can state that our HyGrapeNet shows a better performance 
than NN for the specific study case under evaluation.    
 
Table 3: Results obtained using all vintages of TF variety to create each model and an external dataset 
comprising vintages/varieties unseen during the training process to test each model.  

Training Set Test Set Model RMSEP 
TF All Vintages 

(2012+2013+2014+2016+2017+2018) 
All 

Vintages/Varieties 
NN 1.54 

HyGrapeNet 1.19 
 
One of the strengths of deep learning and consequently HyGrapeNet is the ability to 
automatically perform feature extraction which is a fundamental procedure in machine learning 
to improve the model accuracy. As mentioned before, we implemented PCA to reduce the 
input dimensionality of the NN approach (from 14 to 18 principal components were selected 
as NN feature input) but for the creation of the HyGrapeNet all 1040 wavelengths were 
considered as features input. On the other hand, the big challenge of deep learning relies on 
the huge amount of data required to properly train an algorithm, since it first needs lots of 
examples to learn and to tune the patterns to then solve the problem. Even though, the results 
obtained with HyGrapeNet provide good insights into the characteristics of the relationship 
between our HSI methodology and the oenological parameters. To the best of our knowledge, 
our work is groundbreaking in the use of a deep learning algorithm to predict oenological 
parameters of grapes using hyperspectral imaging technology.  
 
 
 
 
 

http://www.infowine.com/


P. MELO-PINTO et al., WINE GRAPE RIPENESS ASSESSMENT USING HYPERSPECTRAL IMAGING, PAGE 1 
 

WWW.INFOWINE.COM, INTERNET JOURNAL OF VITICULTURE AND ENOLOGY, 2021 N. 4/1  
 

Conclusion and Future Perspectives 
 
Hyperspectral imaging proved to be a powerful tool for fast, non-destructive and non-invasive 
evaluation of intact grapes quality. Its combination with chemometric, machine and deep 
learning approaches allowing the development of valuable predictive models. The prediction 
errors obtained are in acceptable range and the performances achieved were indeed very 
satisfactory, leading us to believe in the robustness of our methodology. 
 
Our results show that HyGrapeNet can be successfully applied to estimate sugar contents of 
wine grapes berries, achieving a better performance rate when compared with the 
conventional Neural Network.  
  
Overall, and considering the two main objectives, the results obtained are very promising to 
accurately measure the sugar content of wine grapes during ripening, providing an alternative 
to the conventional methods. The future increase of the number of training samples will further 
improve the robustness and the generalization ability of prediction models, towards its use 
irrespective of the vintage year. Furthermore, the models are being tested and validated under 
real conditions, with images acquired in the vineyards. In addition, with the purpose of 
decreasing the equipment cost, different approaches for wavelength bands selection are 
underway in order to reduce the dimensionality of data without losing predictive power. 
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Abstract 
The wine industry has been striving to achieve wine quality and consistency, which involves harvesting 
and selection of grapes at the optimal maturity and according to the desired traits. Hyperspectral imaging 
(HSI) combined with machine learning algorithms (ML) has emerged as a promising cost-effective 
alternative to the traditional analytical methods to predict important enological parameters and assist on 
harvesting critical decisions. However, the large amount of data generated by HSI, together with the 
large variability associated (grape variety, terroir), raise computational challenges for data-driven-
modelling turning the selection of proper models, which best suit the problem under study and assure 
its generalization, a cumbersome task.  
 
In our work, the large database collected (>2000 samples from 2012 up to now) allowed robust testing 
of the ML prediction models, whose performance was assessed through n-fold-Cross-Validation and 
independent test sets for generalization ability (GA) evaluation, using samples from different vintages, 
varieties and growth conditions not used in the training, addressing the issue of natural variability. Our 
established models have successfully predicted the pH, sugar and anthocyanin levels of red grapes 
under lab conditions. Depending on the variety, the obtained results suggesting that it is possible to get 
models that generalize well.  
 
Keywords: Hyperspectral imaging, Grape Berries, Prediction, Neural Networks, PLS, Deep 
Learning 
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