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Non-destructive and rapid grape maturity detection is important for the wine industry. The ongoing development
of hyperspectral imaging techniques and deep learning methods has greatly helped in non-destructive assessing
of grape quality and maturity, but the performance of deep learning methods depends on the volume and the
quality of labeled data for training. Building non-destructive grape quality or maturity testing datasets requires
damaging grapes for chemical analysis to produce labels which are time consuming and resource intensive. To
solve this problem, this study proposed a conditional Wasserstain Generative Adversarial Network (WGAN) with
the gradient penalty data augmentation technique to generate synthetic hyperspectral reflectance data of two
grape maturity categories (ripe and unripe) and different Total Soluble Solids (TSS) values. The conditional
WGAN with the gradient penalty was trained for a range of epochs: 500, 1000, 2000, 8000, 10,000, and 20,000.
After training of 10,000 epochs, synthetic hyperspectral reflectance data were very similar to real spectra for
each maturity category and different TSS values. Thereafter, contextual deep three-dimensional CNN (3D-CNN),
Spatial Residual Network (SSRN) and Support Vector Machine (SVM) are trained on original training and syn-
thetic + original training datasets to classify grape maturity. The synthetic hyperspectral reflectance data,
incrementally added to the original training set in steps of 250, 500, 1000, 1500, and 2000 samples, consistently
resulted in higher model performance compared to training solely on the original dataset. The best results were
achieved by augmenting the training dataset with 2000 synthetic samples and training with a 3D-CNN, yielding a
classification accuracy of 91 % on the testing set. To better assess the effectiveness of GAN-based data
augmentation methods, two widely used regression models: Partial Least Squares Regression (PLSR) and one-
dimensional CNN (1D-CNN) were used based on same data augmentation method. The best result was ach-
ieved by adding 250 synthetic samples to the original training set when training 1D-CNN model, yielding an R? of
0.78, RMSE of 0.63 °Brix, and RPIQ of 3.36 on the testing set. This study indicated that deep learning models
combined with conditional WGAN with the gradient penalty data augmentation technique had a good appli-
cation prospect in the grape maturity assessment.

1. Introduction et al., 2022). These methods can provide accurate measurements, but
are often labor-intensive, time-consuming, and require destructive
sampling. However, the grape TSS value showed marked spatial vari-

ability within a block or in the same vine (Baluja et al., 2013). Using

New Zealand wineries producing high-quality wines that are
exported globally. One critical factor in the production of high-quality

wines is the maturity of the grapes used to make the wine. Bramley
et al., (2003) showed that it’s more profitable for wineries to classify the
maturity of grapes to produce wines of different qualities than to mix
grapes of different maturity to produce a single quality wine. Traditional
methods for measuring grape maturity involves measuring grape Total
Soluble Solids (TSS) based on refractometry or enzymatic tests (Rolle
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traditional destructive techniques, we only analyzed a small subset of
TSS values and use this value to represent the grape maturity of an entire
region. This results in uneven maturity of the grapes used for wine-
making during the post-harvest stage. Therefore, it is desirable to
develop a non-destructive method to effectively sort grape maturity
during the post-harvest stage.
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The development of image technologies, e.g., monochromatic,
red-green-blue (RGB), multispectral and hyperspectral imaging for non-
destructive assessing of fruit quality or maturity has advanced rapidly
over the last decades (Li et al., 2019; Lu et al., 2020, 2022). Among
these, hyperspectral imaging technology can acquire spatial and spectral
information simultaneously (Sun, 2010). Compared with other imaging
technologies, hyperspectral imaging can detect subtle changes in the
spectral reflectance of grape berries, which are closely related to their
TSS values. As grapes mature, their chemical composition, such as sugar
content, water content, and anthocyanin concentration, changes, lead-
ing to variations in spectral reflectance, especially in the visible and
near-infrared (VNIR) regions (Tsakiridis et al., 2023; Lyu et al., 2024).
Compared to traditional RGB or multispectral imaging technologies, HSI
captures subtle spectral variations, making it a powerful tool for precise
quality and maturity assessment. Currently, hyperspectral bands in the
range of 400-1000 nm are relatively easy to obtain due to advancements
in sensor technology, and the reduced cost of equipment has facilitated
its deployment in industrial applications. However, for other spectral
ranges, such as near-infrared (1000-2500 nm) or far-infrared bands, the
cost of acquisition remains high, posing a significant barrier to wide-
spread adoption (Gomes et al., 2017). Additionally, hyperspectral im-
aging generates high-dimensional data, requiring significant storage,
transmission, and computational resources, as well as advanced data
processing algorithms.

Integrated with image technologies, deep learning improved efficacy
and efficiency in grading and sorting grape berries. Deep learning,
especially convolutional neural networks (CNNs) are widely being used
in data-driven visual recognition (e.g., image classification, semantic
segmentation and object detection) tasks in agricultural production
(Koirala et al., 2019a; Wang et al., 2021). Various architectures of CNNs
such as AlexNet, VGG, GoogLeNet, DenseNet, and Inceptionv3, are being
used to classify fruit maturity status based on RGB images (Zhao et al.,
2023). Das and Yadav, (2020) proposed a revised version of AlexNet to
classify tomato maturity. Ashtiani et al., (2021) compared the accuracy
of five different CNNs models to classify the maturity of white and black
mulberries. The result showed that AlexNet and ResNet-18 models
exhibited the best accuracy score for white and black mulberries,
respectively. Additionally, Ramos et al., (2021) used VGG-19 to classify
the maturity status of Syrah and Cabernet Sauvignon grapes. The result
showed that VGG-19 achieved maturity status classification accuracy of
91.30 % and 80.97 % for Syrah and Cabernet Sauvignon, respectively.
Wei et al., (2022) used back-propagation neural network (BPNN) and
RGB images to predict greenhouse grape maturity in solar greenhouse,
achieving up to 88 % accuracy by combing color and physical-chemical
indicators. Tsakiridis et al., (2023) proposed two different autoencoder
architectures to transform raw spectra into standardized reflectance
spectra, overcoming issues with varying illumination, when using
hyperspectral imaging predict grape quality. The result showed deep
convolutional autoencoder outperformed deep fully connected autoen-
coder, with a mean R? of 0.70. Benelli et al., (2021) used an on-the-go
hyperspectral imaging system and Partial Least Squares Regression
(PLSR) model to predict grape maturity, achieving good prediction ac-
curacy, with R? values of 0.77 (RMSE = 0.79 °Brix) for TSS.

One of the challenges using deep learning for visual recognition tasks
is the need for extensive and diverse datasets to train CNNs models
effectively (Abbas et al., 2021). Deep learning models usually need to
train several million parameters to capture sufficient variations needed
for vision recognition tasks (Miranda et al., 2023). Models like You Only
Look Once (YOLO) come pretrained on large, open datasets such as
COCO (Common Objects in Context) or ImageNet to improve their
effectiveness for general object detection tasks involving the types of
objects they were trained on (Koirala et al., 2019a; Wang et al., 2019).
However, when the application involves detecting objects or patterns
that are not well-represented in these standard datasets, using a pre-
trained YOLO model may not yield optimal results. In this case, deep
learning models only have high performance and generalizability on
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sufficiently large and diverse datasets. For example, (Koirala et al.,
2019b) used 1515 images of trees from different orchards to create the
MangoYOLO models to detect the orchard fruit. Additionally, Zhao
et al., (2023) used 3849 images from a “Nine Peach” dataset to train
different segmentation models to determine peach maturity. However,
creating extensive and diverse datasets needs tremendous effort to
ground truth data collection and labelling which is time consuming and
resource intensive (Lu and Young, 2020). This is especially relevant for
non-destructive fruit quality or maturity testing datasets. Labeling often
necessitates damaging the fruit to measure internal qualities. To miti-
gate the scarcity of datasets, one common approach is data augmenta-
tion (Gour et al., 2020; Khalifa et al., 2022).

There are two categories of data augmentation approaches,
including traditional image augmentation and augmentation based on
deep learning methods. The traditional image augmentation include
geometric (e.g., flipping and cropping) and color processing approaches
(Shorten and Khoshgoftaar, 2019). However, methods such as cropping
remove critical context from an image, making it harder for the model to
learn the relationships between different parts of the image. Basic
augmentation techniques often follow predictable patterns (e.g., fixed
rotation angles, specific crops). This can lead to a lack of diversity in the
training data, limiting the model’s exposure to truly novel examples.
Additionally, traditional image augmentation can only create limited
variations of existing data and is unable to learn the variations or
invariant features across the samples (Chen et al., 2024). Recently,
Generative Adversarial Networks (GANs) have been used for data
augmentation to solve the drawback of traditional approaches in the
agricultural community. The Generative Adversarial Network (GAN),
originally proposed by Goodfellow et al., (2014) was used to synthesize
new data with the same characteristics of training instances. GANs
generate high-quality, realistic synthetic data that retain the statistical
properties of the original dataset, enhancing the diversity without
compromising the data quality (Shorten and Khoshgoftaar, 2019).
Compared with traditional data augmentation techniques, GANs offer
several additional advantages. They can model complex data distribu-
tions, generating novel samples that reflect subtle variations in the data,
which are often beyond the reach of basic augmentation methods
(Shorten and Khoshgoftaar, 2019). This is particularly valuable in situ-
ations where data is scarce or imbalanced, as GANs can produce syn-
thetic samples for underrepresented classes, improving model
performance. Furthermore, GANs can generate data that mimics
domain-specific features, enabling more effective domain adaptation
and style transfer. These strengths make GANs a powerful tool for
augmenting data in deep learning tasks, especially in fields like medical
imaging, remote sensing, and object recognition, where data acquisition
can be costly or limited (Chen et al., 2024).

Several studies have used GANs as a data augmentation technique to
synthesize fruit images in post-harvest quality assessment tasks (Guo
et al., 2021; Bird et al., 2022; Miranda et al., 2023; Tan et al., 2024). For
example, Bird et al., (2022) used Conditional GAN to produce synthetic
lemon images for fruit quality image classification. When using syn-
thetic fruit images in VGG-16 models, the classification performance is
higher than that without data augmentation. However, most of the
previous studies applied GANs to generate synthetic RGB or mono-
chromatic fruit images. Currently, the potential of GANs in fruit
hyperspectral image generation remains largely unexplored. Compared
with RGB images, hyperspectral imaging can provide detailed spectral
information for accurate substance identification, classification, and
non-destructive internal quality assessment (Sun, 2010).

This study aims to develop a hyperspectral reflectance data
augmentation technique based on GAN network to improve the deep
learning model performance both grape maturity classification (e.g.,
unripe, ripe) and TSS content estimation as a continuous variable. This
dual evaluation aims to support industrial producers in choosing the
appropriate approach based on their specific operational requirements,
whether it is the simplicity of a classification system or the precision of a
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regression model. The specific objectives of this research are:

e Using different TSS values or maturity labels to generate corre-
sponding synthetic grape hyperspectral reflectance data based on
GAN network.

e Combining the generated synthetic data with the original dataset to
evaluate whether GAN-based data augmentation can improve the
performance of different models

2. Methodology
2.1. Data collection

The samples used in this study were collected from Palliser Estate
Winery located in Martinborough, New Zealand (Lyu et al., 2023). The
winegrape variety used in this study was ‘Pinot Noir’, and compared to
other varieties, the maturity status during the harvest stage greatly af-
fects the value of subsequent wines. The ‘Pinot Noir’ were planted in an
organic vineyard named Hua Nui. The vines were planted in 1998, with
vine spacing of 1.7 m and row spacing of 2.2 m. A total of 231 samples
were collected from a 2.6 ha block in Hua Nui vineyard (Fig. 1). A total
of 77 samples were collected, weekly from March 01 to March 14, 2024,
during the harvest stage. To acquire representative samples, the sam-
pling locations were collected from a predetermined nested grid. Each
grid had locations taken at intervals of 4 m, 8 m, 16 m and 32 m. During
each measurement, a healthy vine closest to the sampling location was
selected for sampling. In each sampling vine, three bunches were
selected for grape berry collection. The selected bunches were divided
into three positions: top, middle, and bottom. From each position, one
berry was handpicked resulting in a total of nine berries per sampling
vine. It is worth noting that nine grape berries per vine met the mini-
mum criteria for using the digital refractometer (PAL-BX/ACID F5
Digital Refractometer, ATAGO CO., LTD, Tokyo, Japan) to measure TSS.
The nine grape berries were placed in plastic bags with labels, and
spectrum measurements were immediately taken after sampling.

2.2. Hyperspectral image acquisition

The reflectance data of nine grapes were acquired from a push-
broom VNIR hyperspectral imaging system which utilize 1800 pixels
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Fig. 1. Sampling location in Hua Nui vineyard (red points represent each
sampling point).
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to collect 186 channels of spectral data from 406.8 to 995.8 nm. The
VNIR hyperspectral imaging system is composed of the following con-
stituents: two 150 W customized direct current linear light source
(HySpex, Norsk Elektro Optikk, Norway), a spectra camera (HySpex
VNIR-1800, Norsk Elektro Optikk, Norway), laboratory rack, a white
reference tile made of aluminum oxide (SphereOptics GmbH, Germany),
and a computer (Fig. 2). The spectra sampling interval of HySpex VNIR-
1800 is 3.26 nm with a 17° field of view. The hyperspectral imaging
system was turned on for 30 min before the image acquisition to increase
the spectral data quality. The height between the camera and samples
was 20.4 cm. HySpex Ground v4 12.7 software was used to process
image acquisition within a dark room at room temperature. The frame
period was 11,200 us, integration time was 11,085 us, and the moving
speed of the conveyor belt was 5 cm/s. According to the measurement
protocol, the white reference was measured prior to each data acquisi-
tion session to ensure reliable calibration and consistency of hyper-
spectral measurements throughout the experiment. During each
measurement, nine grape berries were squared on the conveyor belt,
pedicel facing the white reference. After acquiring hyperspectral images,
the software HySpex Rad v3.4 was used to obtain the reflectance data of
the image. Subsequently, the region of interest (ROI) tool was used in
the Environment for Visualizing Images (ENVI) V 5.6 software (Research
Systems Inc., Boulder, Co, USA) to manually separate the grape berries
from the background. After extracting the berry spectra, Savitzky-Golay
smoothing (window size = 10, polynomial = 2) was applied to reduce
noise and enhance spectral features.

2.3. Determination of total soluble solids

After hyperspectral image acquisition, the samples were stored in the
fridge at 4 °C until their analysis for grape total soluble solids. Before
each measurement, the samples were stabilized to the room temperature
at around 25 °C. During each measurement, nine grape berries were
squeezed together into juice Then, 0.2 ml of the juice was applied onto a
portable digital refractometer (PAL-BX/ACID F5 Digital Refractometer,
ATAGO CO., LTD, Tokyo, Japan). The TSS value (°Brix) was a direct
reading from the refractometer with a measuring range between 0 and
60 % (0.1 % resolution). For each sample, the TSS value was measured
twice. The average of these two measurements was used to represent the
TSS value of the nine grapes.

2.4. Synthetic hyperspectral reflectance data generation via GAN model
In order to improve the classification model performance, condi-

tional Wasserstein GAN (WGAN) with the gradient penalty was used as
the hyperspectral imaging data augmentation technique to increase the
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Fig. 2. The hyperspectral imaging system used in this study.
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size of the dataset. Traditional GAN consists of a generator and
discriminator model which are trained in opposition to each other
(Goodfellow et al., 2014). The work of the generator is to take random
noise data as inputs and produce fake data. The work of discriminator is
to receive the fake image from the generator and real data and distin-
guish whether the data are synthetic or real. The generator and
discriminator train simultaneously and try to outdo each other. The
discriminator makes sure that the data generated by the generator are as
close to the real images as possible. The generator aims to produce data
that the discriminator cannot distinguish from real data, while the
discriminator aims to improve its accuracy in distinguishing real from
synthetic data. This adversarial process ensures that the data generated
by the generator becomes increasingly similar to the real images.
Compared with traditional GAN, WGAN use Wasserstein distance
metric as its loss function. In WGAN, the discriminator is replaced by
‘critic’ science, it evaluates the quality of generated data by assigning
them a score rather than classifying them as real or fake (Gulrajani et al.,
2017). Conditional WGAN extends WGAN by incorporating additional
information (e.g., class labels) into the network. Both the generator and
critic are conditioned on this additional information, allowing the
generator to produce class-specific data. This study introduces an
additional classifier model in the network (Fig. 3). The classifier ensures
that the generated data not only appears realistic but also adheres to the
given conditional labels (Audebert et al., 2018). This setup helps in
aligning the generated data distribution more closely with the condi-
tional labels provided. The objective function for the generator and
critic, including the classifier, is:
mgnmgx(Ex [D(x,c)] — E; p,¢c . [D(G(2,¢),c)]

Pdata

41, [(IVD.0), - 1)7])

where x is real data, P4, is the data distribution, D(x, c¢) is the critic’s
score for the real data x conditioned on c. z is noise sample, P, is the
noise distribution, c is conditional label, P, is label distribution, G(z, c) is
fake data from the generator using noise z and condition c. D(G(z, c), ¢) is
critic’s score for the fake data G(z, ¢) conditioned on c. 1 is coefficient for
the gradient penalty term, X are samples interpolated between real data
x and fake data G(z,c), Py is the distribution of these interpolated sam-
ples, D(X, c) is critic’s score for interpolated samples X conditioned on c.

The conditional WGAN with the gradient penalty generator model

Unlabelled real spectra
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consists of several dense layers followed by Leaky rectified linear unit
(ReLU) activation functions and a final Sigmoid activation function. The
model begins with an input layer that takes in the noise sample and
condition vectors. This is followed by a sequence of three dense layers,
each followed by a Leaky ReLU activation layer. The final dense layer is
followed by a Sigmoid activation layer to produce smooth outputs in the
range [0,1]. The critic and classifier model in the conditional WGAN
with the gradient penalty have similar architecture, including an input
layer, three dense layers followed by Leaky ReLU activation functions.
The final dense layer in critic model outputs a single value, which in-
dicates the authenticity of the input data. The final dense layer in the
classifier model outputs a vector with a size equal to the number of
classes, which represents the classification scores for each class. The
model applies a weight initialization function to all layers, following the
He et al., (2016) policy, which initializes weights using the Kaiming
normal distribution. In addition, we also tested Random Initialization
methods, to compare their effects on the model’s performance. How-
ever, the results showed that the Kaiming initialization method out-
performed the others in terms of model performance He et al., (2016).

The code and hyperparameter setting of synthetic hyperspectral
reflectance data generation via GAN model are available in Table 1 and
https://github.com/hlyu821/GANs. In this study, the generated
hyperspectral reflectance data was evaluated based on Mahalanobis
Distance (MD) and visual analysis.

Table 1
The hyperparameter setting of synthetic hyperspectral reflectance data gener-
ation based on WGAN model.

Hyperparameter Value
Batch Size 32
Learning rate 0.00005
Alpha of Leaky ReLU 0.01
Noise dimension 30
Noise Type Random
Number of features 186
Hidden layer size 512
Discriminator training steps per generator training step 5
Auxiliary classifier weight 0.2
Mixup 0.1

Discriminator

Real/fake

Fake spectra

model

Generator

Random noise model

Labelled real spectra

Labels Classes
. . Real spectrun . .
(ripe & unripe) L p—— (ripe & unripe)
0s{ — Ur'\)ripe
\
s . w0 500 @ 0 ) 1000 -7 ’

Fig. 3. The proposed conditional WGAN with the gradient penalty. Red lines represent the training of the discriminator; blue lines represent the training of the

generator; red and blue dashed lines represent the training of the classifier.
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2.5. Grape maturity classification with different CNNs models

As this study aimed to assess the effectiveness of GAN-based data
augmentation methods in enhancing grape maturity determination
performance, two widely used hyperspectral imaging classification CNN
models: contextual deep three-dimensional CNN (3D-CNN) and Spatial
Residual Network (SSRN) were used. 3D-CNN is an end-to-end fully
convolutional network proposed by Lee and Kwon, (2017). The 3D-CNN
uses a multi-scale convolutional filter bank. This multi-scale approach
captures features at various spatial resolutions to analysis both spectral
and spatial information in the hyperspectral data (Fig. 4). The SSRN uses
3-D convolutional layers to process the hyperspectral data cubes,
incorporating both spectral and spatial information effectively (Zhong
et al., 2017). SSRN incorporates spectral and spatial residual blocks to
improve training efficiency and performance (Fig. 5). Spectral residual
blocks use 1 x 1 x m convolutions, focusing on spectral features, while
spatial residual blocks use convolutions that maintain spatial di-
mensions to extract spatial features. To regularize the training process
and reduce overfitting, batch normalization and dropout techniques are
applied within the network. Tables S1 and S2 show the hyperparameter
setting of 3D-CNN and SSRN. In addition, one traditional machine
learning model Support Vector Machine (SVM) with radial kernel were
used to assess the effectiveness of GAN-based data augmentation
methods.

The samples were divided into two groups (unripe and ripe) sepa-
rated by threshold limiting values: 21 °Brix for TSS, which is based on a
local viticulturist suggestion. In this study, two sets of experiments have
been performed. The original samples (n = 231) were randomly split
into training and testing sets using an 80/20 ratio. The training set (n =
184) was used for generating synthetic datasets and optimize classifi-
cation models’ hyperparameters. First of all, the conditional WGAN with
the gradient penalty has been trained for 500, 1000, 2000, 8000,
10,000, and 20,000 epochs to generate synthetic hyperspectral grape
reflectance data of two categories (unripe and ripe). After successful
completion of the training of conditional WGAN with the gradient
penalty, 1000 synthetic hyperspectral data of grape berries were
generated for each category.

In the second step, the hyperspectral reflectance data were trans-
formed to a 3D cubic data and input in the CNNs model. Then the
classification model (3D-CNN, SSRN and SVM) has been trained on the
training set and synthetic dataset. To systematically evaluate the impact
of data augmentation on classifier performance, the original training set
(n = 184) is used as a reference baseline to train classifiers. This ensures
that any observed improvements can be attributed to the addition of
synthetic data rather than other confounding factors. Initially, classifiers
are trained exclusively on synthetic data to assess their standalone
effectiveness. Subsequently, synthetic samples are incrementally incor-
porated into the original training dataset (n = 184) in steps of, 250, 500,
1000, 1500, and 2000. This stepwise approach allows for a controlled
analysis of how different quantities of synthetic data influence model
performance, enabling the identification of an optimal augmentation
level. A 5-fold cross-validation was applied on the training set to tune
model hyperparameters, ensuring that the evaluation process was
robust. The testing set (n = 47) was used to evaluate the performance
based on the Kappa coefficient, accuracy (Acc), recall, and precision
which were calculated from the confusion matrices of each model. The
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calculation of Acc, recall, and precision was defined bellow:

TP+ TN

Acc=—— -0
T TP{FNt+FP+IN

TP

Precision —
recision 7TP T FP

where TP, FN, FP, and TN are the true positive, false negative, false
positive, true negative.

The model in this work were implemented with PyTorch (version
1.8) and CUDA 11.1 and trained on an RTX 2080Ti GPU (4352 CUDA
cores).

2.6. Grape maturity prediction with different regression models

In order to better assess the effectiveness of GAN-based data
augmentation methods in enhancing grape maturity determination
performance, two widely used regression models: Partial Least Squares
Regression (PLSR) and one-dimensional CNN (1D-CNN) were used.
PLSR is the dominant chemometric regression approach for non-invasive
detection of fruit attribute level (Walsh et al., 2020a). PLSR projects the
spectra input into a few latent variables that capture maximum covari-
ance. PLSR handles highly collinear and noisy data by projecting both
predictors and responses into a new space. 1D-CNN is a widely used deep
learning architecture to process hyperspectral data in a regression task.
1D-CNN automatically extracts relevant features from raw spectral data
by applying convolutional filters along the wavelength axis (Pullanagari
et al., 2021). The 1D-CNN typically includes an input layer that pro-
cesses the spectra data, followed by hidden layers comprising convolu-
tional layers that extract features, pooling layers that reduce
dimensionality, and fully connected layers that integrate the extracted
features. The final output layer produces predictions based on the
learned features. In this study a custom 1D-CNN architecture was pro-
posed. 1D-CNN features a flexible architecture with multiple convolu-
tional layers, each consisting of a 1D convolution, ReLU activation, and
max-pooling. These layers extract and downsample features from the
input data. The output is flattened and passed through a series of fully
connected layers with ReLU activation and dropout for regularization.
Finally, a linear layer produces output. This study used the cosine
annealing learning rate scheduler to adjust the learning rate during
training. Additionally, an open-source hyperparameter optimization
framework based on Bayesian optimization (using the Optuna library)
was employed to automate the search for optimal hyperparameters in
the 1D-CNN model. This framework adaptively samples the hyper-
parameter space by balancing exploration and exploitation, aiming to
minimize the model’s validation loss. The code and hyperparameter
setting of 1D-CNN are available in Table S3 and https://github.com/hly
u821/GANs.

In this study, two sets of experiments have been performed to assess
the effectiveness of GAN-based data augmentation methods in regres-
sion models. The original samples (n = 231) were randomly split into
training and testing sets using an 80/20 ratio. The training set (n = 184)
was used for generating synthetic datasets and optimizing regression
models’ hyperparameters. First of all, the conditional WGAN with the
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Fig. 4. The network architecture of 3D-CNN.
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Fig. 5. The network architecture of SSRN.

gradient penalty has been trained for 500, 1000, 2000, 8000, 10,000,
and 20,000 epochs to generate synthetic hyperspectral grape reflectance
data of different grape TSS values. After successful completion of the
training of conditional WGAN with the gradient penalty, 40 synthetic
hyperspectral data of grape berries were generated for each grape TSS
values.

In the second step, the regression model (PLSR and 1D-CNN) has
been trained on the training set and synthetic dataset. In order to
compare the performance of each model before and after data
augmentation, the original training set (n = 184) was defined as a
benchmark. Initially, regression models are trained exclusively in syn-
thetic data to assess their standalone effectiveness. Subsequently, syn-
thetic samples are incrementally incorporated into the original training
dataset (n = 184) in steps of 250, 500, 1000, 1500, and 2000. A 5-fold
cross-validation was applied on the training set to tune model hyper-
parameters, ensuring that the evaluation process was robust. The testing
set (n = 47) was used to evaluate the performance based on the values of
RMSE, ratio of performance to interquartile range (RPIQ) and R?. The
calculation of RMSE, RPIQ and R*:

T -
RMSE = /-3 " (v~ %)’

RMSE

RPIQ = ——

Q QG-Q
Rzzl_zinzl(.yi*yi)z
Z?:l()’i*y)z

where n is the number of samples used to fit the model, y; is the ground
truth value of the i th sample, y is the mean response value, y; is the
model estimated value of the i th sample, Qs is the upper quartile, Q; is
the lower quartile.

3. Result

3.1. Basic statistical analysis of measured TSS and hyperspectral
reflectance data

The basic statistical description (i.e., sampling date, mean,
maximum, minimum, stand deviation, coefficient of variation and
variance) of the TSS value is shown in Table 2. The TSS value of grapes
increases closer to the harvest date. The reflectance curves for ‘Pinot
Noir’ samples across the wavelength range of 406.8-995.8 nm were
shown in Fig. 6. The spectrum exhibits lower reflectance in visible re-
gions (400-700 nm), which is primarily influenced by pigments such as
chlorophylls, carotenoids and anthocyanins (Nagy et al., 2016). There is
a sharp increase in reflectance in the red edge region (700-750 nm)
which is related to chlorophyll absorption and internal cellular struc-
ture. High reflectance in NIR (750-950 nm) is influenced by berry
structure, water content, sugars and other organic compounds (e.g.,
TSS), The slight dips near 970 nm is related O—H bond vibration (Walsh
et al., 2020).

3.2. Performance of synthetic hyperspectral reflectance data

After training from the conditional WGAN with the gradient penalty,
this study generates 1000 hyperspectral reflectance data for each cate-
gory (unripe and ripe) and 40 hyperspectral reflectance data for each
TSS value. To evaluate the quality of synthetic data, Figs. 7 and 8 shows
comparison results of real spectrum and synthetic data spectrum for
different maturity classes and four random grape TSS values, respec-
tively. Fig. 7 shows that when the epoch = 500, the synthetic data
spectrum was random noise. As the number of epochs grows to 2000
epoch, the synthetic data spectrum gradually smoothed, while the syn-
thetic data spectrum cannot show the characteristics of the different
maturity classes. Finally, it could be seen that after epoch = 10,000 the
synthetic data spectrum of different maturity classes show difference in
the Red Edge and NIR region, consistent with the real spectrum. Table 3
shows the MD values corresponding to different categories (unripe and
ripe) across different epochs. MD decreases significantly from 500 to
10,000 epochs, indicating improved similarity between generated and

Table 2
Descriptive statistics for TSS value of Pinot Nor during different sampling date (where SD = stand deviation, CV = coefficient of variation).
Date Mean (°Brix) Maximum(°Brix) Minimum(°Brix) SD CvV Variance
01 March 19.48 21.3 18 0.71 4% 0.5
06 March 20.67 23.1 19 0.83 4% 0.67
14 March 22.06 23.9 20 0.76 3% 0.57
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Fig. 6. Reflectance spectra of the 231 ‘Pinot Noir’ samples collected based on HySpex VNIR hyperspectral imaging system. Color of each spectrum corresponding to

TSS value.
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real data. After 10,000 epochs, MD starts increasing, suggesting poten-
tial overfitting or instability. Therefore, in subsequent classification
model training, this study used hyperspectral reflectance data generated
at epoch = 10,000 to augment the original data.

When using the conditional WGAN with the gradient penalty
generate different TSS values, the synesthetic data spectrum was
random noise when epoch = 1000 (Fig. 8a). As the number of epochs
grows to 8000, the synthetic data spectrum produces a spectral curve for
grape berries with large noise values and cannot show the characteristics
of the different TSS values (Fig. 8c). Finally, it can be observed that at
epoch 10,000, the synthetic data exhibit spectral characteristics corre-
sponding to different TSS values in the NIR region, which are consistent

with those of the real spectra (Fig. 8d, f). However, when epoch = 20,
000, the synthetic data spectrum cannot show the characteristics of the
different between 19.4 and 19.7 °Birx TSS value (Fig. 8e). One possible
reason is that, after 10,000 epochs, the WGAN model might have
overfitted to the spectral patterns associated with different TSS values.
Fig. 9 presents the MD values corresponding to different TSS values
across various epochs. The MD values were high for all TSS values at
epochs 500 and 1000, suggesting that the model initially struggled to
generate realistic data. After 1000 epochs, the MD values began to
decrease across all TSS values, indicating an improvement in the
model’s ability to generate realistic data. However, after 10,000 epochs,
the MD values started increasing, suggesting potential overfitting or
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Table 3

The Mahalanobis Distance (MD) results for the generated hyperspectral reflectance data across different epochs.
Epoch Class 500 1000 2000 5000 8000 10,000 20,000
Ripe 369484.1 428858.6 12547.94 4402.58 3341.48 2456.98 3545.77
Unripe 612687.9 936421.2 17635.98 4764.43 4021.2 3061.07 7974.58

instability. Therefore, in subsequent regression model training, this
study used hyperspectral reflectance data generated at epoch = 10,000
to augment the original data. Among all TSS values, those between 20
and 21 consistently exhibited higher MD values, indicating greater dif-
ficulty in accurate generation.

3.3. Performance of classification model

This study evaluated the performance of a proposed model for binary
classification (unripe and ripe) task. To assess the impact of data
augmentation on three common hyperspectral imaging classification
models’ (SSRN, 3D-CNN and SVM) performance, classifiers are first
trained on the original training set as a baseline. When trained on the
original training set, the 3D-CNN, SSRN, and SVM achieved

classification accuracies of 79 %, 77 %, and 74 %, respectively, on the
testing set (Tables 4-7). In addition, classification models are trained
exclusively on synthetic data to assess their standalone effectiveness.
However, classification models trained exclusively on synthetic data
showed poor performance on the testing set (Tables 4-7), failing to
effectively distinguish between the maturity levels of grapes. Subse-
quently synthetic samples are incrementally added to the original
training set in steps of 250, 500, 1000, 1500, and 2000 to measure their
contribution. The results from different classifiers along with augmen-
tation approaches can be observed in Tables 4-6. All methods of adding
synthetic samples resulted in higher accuracy compared to training
solely on original training set, demonstrating that WGAN augmentation
has had a positive effect on the learning process. The best results were
achieved by augmenting the dataset with 2000 synthetic samples and
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Fig. 9. The Mahalanobis Distance (MD) results of the generated hyperspectral reflectance data corresponding to different TSS values across different epochs.

Table 4 Table 7
Classification performance of SSRN on test set. Regression performance of PLSR on test set.
Original Synthetic Accuracy  Precision  Recall  Kappa Size of Original Data Size of synthetic Data R? RMSE RPIQ
Data Data Coefficient
184 0 0.61 0.84 2.49
184 0 0.77 0.77 0.75 0.51 184 250 0.61 0.84 2.5
184 250 0.85 0.87 0.83 0.69 184 500 0.66 0.79 2.67
184 500 0.83 0.84 0.81 0.64 184 1000 0.66 0.79 2.67
184 1000 0.81 0.82 0.79 0.6 184 1500 0.67 0.77 2.72
184 1500 0.89 0.89 0.89 0.78 184 2000 0.68 0.76 2.76
184 2000 0.81 0.84 0.78 0.59 0 2000 0.24 1.18 1.79
0 2000 0.74 0.76 0.72 0.46
The result show that SSRN, 3D-CNN and SVM have better classification
Table 5 performance after adding synthetic hyperspectral reflectance data than
Classification performance of 3D-CNN on test set. using the original dataset only.
Size of Size of Accuracy  Precision  Recall  Kappa
Original synthetic Coefficient 3.4. Performance of regression model
Data Data
184 0 0.79 0.83 076 054 This study evaluated the performance the effectiveness of GAN-based
1:2 ?gg g'gf g'zz g'% g'; data augmentation methods for regression tasks. Tables 7 and 8 repre-
184 1000 0.87 0.88 089 075 sent the regression performance of the proposed method on the original
184 1500 0.85 0.87 0.87 0.71 dataset and augmented dataset with different regression models. The
184 2000 0.91 0.92 0.93 0.83 regression performance on the original dataset was defined as the
0 2000 074 075 075 049 benchmark to compare the impact of GAN data augmentation tech-
niques on model performance. In this study, two common regression
models (PLSR and 1D-CNN) were used to assess the GAN data
Table 6 augmentation techniques. When trained on the original training set,
Classification performance of SVM on test set. PLSR and 1D-CNN achieved moderate regression performance, with R?
Size of Size of Accuracy  Precision  Recall  Kappa values of 0.61 and 0.73, RMSEs of 0.84 and 0.70 °Brix, and RPIQs of 2.49
Original synthetic Coefficient and 2.99, respectively, on the testing set (Tables 7 and 8) Additionally,
Data Data regression models were trained exclusively on synthetic data to evaluate
184 0 0.74 0.75 0.75 0.49 their standalone effectiveness. However, like the classification tasks,
184 250 0.79 0.78 078 056 training solely on synthetic data resulted in poor performance on the
184 500 0.74 075 0.75 0.49 testing set. Subsequently synthetic samples are incrementally added to
184 1000 0.74 0.75 0.75 0.49
184 1500 0.81 0.84 0.78 0.59
184 2000 0.79 0.78 0.78 0.56 Table 8
0 2000 0.72 0.72 0.73 0.45 Regression performance of 1D-CNN on test set.
Size of Original Data Size of synthetic Data R? RMSE RPIQ
training with a 3D-CNN, yielding a classification accuracy of 91 % on the 184 0 0.73 0.7 2.99
testing set. In deep learning models (SSRN and 3D-CNN), although 184 250 0.78 0.63 3.36
adding different numbers of synthetic samples resulted in varying clas- 184 500 0.78 0.63 3.31
sification accuracies, it is noteworthy that even the weakest augmen- 122 1238 g';i 3'2; 2'(1);
tation approach (when 500 synthetic samples were added to the 3D- 184 2000 071 0.72 2.9
CNN) increased the classification accuracy ability from 79 % to 81 %. 0 2000 0.34 1.09 1.96
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the original training set in steps of 250, 500, 1000, 1500, and 2000 to
measure their contribution. The best result was achieved by adding 250
synthetic samples to the original training set when training 1D-CNN
model, yielding an R? of 0.78, RMSE of 0.63 °Brix, and RPIQ of 3.36
on the testing set. Additionally, adding 2000 synthetic samples
improved the PLSR prediction performance, increasing the R? from 0.61
to 0.68. Fig. 10 shows the 1:1 line relationship between predicted and
measured TSS values on the test set for PLSR and 1D-CNN models
trained on the original dataset and the original dataset augmented with
synthetic samples. The result shows that both PLSR and 1D-CNN have
better regression performance after adding synthetic hyperspectral
reflectance data than using the original dataset only.

4. Discussion

Non-destructive assessing of grape maturity during the post-harvest
stage is important to wineries to classify the grapes and produce wines of
different quality. This study aims to use hyperspectral imaging system
(400-1000 nm) and deep learning techniques to determine grape
maturity in a non-destructive and rapid way. The TSS classification ac-
curacy of using 3D-CNN and SSRN outperformed predictions using SVM
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(Tables 4-6). This demonstrates that deep learning models outperform
traditional machine learning approaches in handling hyperspectral data,
likely due to their ability to capture complex spatial-spectral features.
The classification result of this study support the finding of Ramos et al.,
(2021), who used VGG-19 To classify the maturity status of Syrah and
Cabernet Sauvignon. The ability of using CNNs models to process big
data is no longer the bottleneck, instead these methods require larger
datasets than are usually available or easily obtained. In addition, this
study used regression models (PLSR and 1D-CNN) to predict grape TSS
values. For the model trained on the original training data, the best
performing is 1D-CNN, with a result of R? 0.73, RMSE of 0.7 °Brix and
RPIQ of 2.99 in the test set. In recent study have demonstrated the po-
tential of more advanced deep learning models, such as InceptionTime,
Residual Networks, and the lightweight MiniRocket model, for similar
tasks (Silva et al., 2024). These models have been found to outperform
traditional 1D-CNN approaches, showing superior generalization ca-
pacity in the prediction of sugar content from hyperspectral data. Future
research could explore the integration of these novel models to further
improve the accuracy and robustness of grape maturity and quality
predictions.

In real practical conditions, building CNNs models need thousands of
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Fig. 10. The 1:1 line relationship between predicted and measured TSS values for the test set by PLSR on original dataset (a), PLSR on original + 2000 synthetic data

(b), 1D-CNN on original dataset (c), 1D-CNN on original + 250 synthetic data (d).
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images or data to train the model to prevent the model from overfitting.
However, collecting thousands of images and data for non-destructive
grape maturity needs large resources to ground truth data collection
and labelling which is time consuming (Lu and Young, 2020). To miti-
gate the scarcity of datasets, this study proposed a data augmentation
method based on deep learning architecture. Conditional WGAN with
the gradient penalty was used to produce synthetic hyperspectral
reflectance data. Compared with traditional GANs architecture, this
study introduces an additional classifier model in the network. The
classifier improves the quality and diversity of the generated samples by
conditioning them on specific class labels. To balance the trade-off be-
tween data quality and computational efficiency, the conditional WGAN
with the gradient penalty was trained for a range of epochs: 500, 1000,
2000, 8000, 10,000, and 20,000. Visual inspection and Mahalanobis
Distance (MD) analysis reveal that the synthetic data generated at
10,000 epochs exhibit the highest similarity to the real data (Figs. 7-9,
Table 3). It is noticeable that increasing the number of epochs to 20,000
led to a decrease in the similarity of the generated data to the real data,
suggesting that beyond a certain point, further training does not
significantly improve the quality of the generated hyperspectral reflec-
tance data and may even introduce undesirable artifacts. Most previous
studies applied GANs to generate RGB images in the agricultural and
food production field (Abbas et al., 2021; Bird et al., 2022; Lu et al.,
2022). This study demonstrates the potential of using GANs to generate
hyperspectral reflectance data. This has helped by generating a large
and diverse hyperspectral reflectance dataset.

The results using different classification models (3D-CNN, SSRN, and
SVM) and regression models (PLSR and 1D-CNN) with synthetic
hyperspectral reflectance data can be observed from Tables 4-6. The
synthetic hyperspectral reflectance data, incrementally added to the
original training set in steps of 250, 500, 1000, 1500, and 2000 samples,
consistently resulted in higher model performance compared to training
solely on the original dataset. This demonstrates that data augmentation
positively impacts the classification and regression models’ perfor-
mance. Although performance varied depending on the model type and
the number of synthetic samples added, the models trained with
augmented datasets consistently outperformed those trained exclusively
on the original training set in the test set, regardless of the model or task.
This is similar to the work of Abbas et al., (2021) who used conditional
GAN to generate tomato plant disease images. They showed the deep
learning models have higher classification accuracy after adding syn-
thetic image data during the training process. Future studies should
validate the effectiveness of GAN-generated synthetic data on a broader
range of machine learning and deep learning models to further assess its
applicability and robustness in grape maturity estimation. Our findings
highlight that GAN-augmented hyperspectral reflectance data can
enhance the performance of both classification and regression models
for grape maturity assessment. This result provides practical guidance
for viticulture practitioners to select the task type (classification or
regression) that aligns best with their production demands, such as rapid
maturity screening using classification or detailed quality evaluation
through TSS prediction.

Although the synthetic hyperspectral data generated after 10,000
epochs yielded the best performance in both grape maturity categories
and continuous TSS values, compared to the real spectral data, the
generated spectra still exhibited noticeable noise (Fig. 7 and 8). This
noise can primarily be attributed to the complexity and high dimen-
sionality of hyperspectral data. Unlike RGB images, hyperspectral
reflectance spectra consist of hundreds of narrow, continuous bands,
with subtle correlations between neighboring wavelengths. Capturing
these fine spectral patterns poses a considerable challenge for GANs,
often resulting in spectral fluctuations that appear as noise (Hennessy
et al.,, 2021). Furthermore, although the conditional WGAN with
gradient penalty (WGAN-GP) was employed to improve training sta-
bility, GAN models inherently involve a delicate balance between the
generator and discriminator. This adversarial process can still introduce
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small irregularities, especially when generating high-dimensional
spectral features. Future work could focus on developing more
advanced GAN architectures tailored to hyperspectral data, such as
spectral attention mechanisms or hybrid models, to reduce noise and
further improve the realism of synthetic spectra (Qi et al., 2024). In
addition, the industrial use of cameras only focuses on a specific spec-
trum region, exploring the ability of using GANSs in specific regions that
can be better applied to industrial data generation. While this study
successfully demonstrates the potential of conditional WGAN with
gradient penalty in generating synthetic hyperspectral reflectance data
for grape maturity assessment, the development of generative models
for hyperspectral data synthesis remains an emerging area. Future
research could explore alternative and potentially more advanced
generative approaches, such as diffusion models, transformer-based
generative architectures, or hybrid methods that combine GANs with
variational autoencoders (VAEs). These methods may further improve
the quality and diversity of synthetic hyperspectral data, ultimately
enhancing model robustness and generalizability in practical applica-
tions (ur Rahman et al., 2024).

5. Conclusion

Deep learning models have shown promising results in fruit quality
or maturity detection during the post-harvest stage. However, training a
deep learning model needs extensive and diverse datasets to avoid
overfitting. In addition, labelling the grape maturity status also needs
destructive analysis, usually from a limited dataset. This study proposes
conditional WGAN with the gradient penalty to generate synthetic
hyperspectral reflectance data to provide an extensive and diverse grape
maturity dataset. The performance of proposed data augmentation
techniques was evaluated on three classification models (SSRN, 3D-CNN
and SVM) and two regression models (PLSR and 1D-CNN). Synthetic
hyperspectral reflectance data plus original dataset scored higher clas-
sification and regression performance than training only on the original
dataset, showing that augmentation has had a positive effect on the
classification and regression model performance. The best classification
results were achieved by augmenting the training dataset with 2000
synthetic samples and training with a 3D-CNN, yielding a classification
accuracy of 91 % on the testing set. The best regression result was
achieved by adding 250 synthetic samples to the original training set
when training 1D-CNN model, yielding an R? of 0.78, RMSE of 0.63
°Brix, and RPIQ of 3.36 on the testing set. This study demonstrates the
potential of using GANs to generate hyperspectral reflectance data and
improve the deep learning model performance. In the future, GANs are
expected to be applied on more grape varieties and specific spectrum
regions.
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