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Abstract

Rapid and low-waste assessment of grape quality remains a challenge for conventional analytical
techniques; Raman spectroscopy combined with chemometric modeling provides a promising
alternative for predicting the quality attributes of Asgari grapes. Fifty-five grape samples were
collected from vineyards across Gonabad, Iran, and key physicochemical parameters—including
pH, titratable acidity (TA), flavonoid content, total soluble solids (TSS), anthocyanin content,
and the TSS/TA ratio—were measured. Dimensionality reduction was carried out using principal
component analysis (PCA) and partial least squares (PLS), followed by the development of
predictive models using multiple linear regression (MLR) and support vector machines (SVM).
The dataset was randomly divided into training (80%) and testing (20%) subsets. Model
performance was evaluated using the coefficient of determination (R?) and the root mean square
error of calibration (RMSEC) and prediction (RMSEP). Among the evaluated models, the PCA—
MLR hybrid demonstrated the best predictive performance, achieving R* values of 0.75 for
anthocyanins, 0.74 for flavonoids, and 0.65 for TSS, with corresponding RMSEC values of 0.56,
0.67, and 1.51, respectively. These results confirm that Raman spectroscopy is a viable and
efficient tool for grape quality assessment and represents a practical alternative to conventional
chemical analytical methods.

Keywords: multivariate analysis; prediction model; quality control; spectral modeling;
Vitis vinifera

1. Introduction

Grapes (Vitis vinifera L.) are among the most extensively cultivated horticultural crops
worldwide, occupying more than 6.5 million hectares and producing over 72 million tons
annually [1]. In Iran, viticulture covers approximately 113,550 hectares with a production of 1.47
million tons, ranking the country among the leading global producers [1]. Iran is also recognized
as a center of grape genetic diversity, hosting numerous local cultivars that are well adapted to
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arid and semi-arid climatic conditions [2]. Among these cultivars, the Asgari grape is
distinguished by its thin skin, desirable flavor, and suitability for raisin production. It is rich in
phytochemicals, including anthocyanins, flavonoids, and organic acids, making it relevant for
both food and pharmaceutical applications [3]. Despite its agricultural and economic importance,
standardized protocols for quality assessment and optimal harvest timing remain limited for this
cultivar.

Traditionally, physicochemical indicators such as total soluble solids (TSS), titratable acidity
(TA), and the TSS/TA ratio have been used to evaluate grape maturity and predict consumer
acceptability. However, these conventional methods are labor-intensive and time-consuming,
which restricts their scalability and limits practical application in precision agriculture
systems[4].

In recent years, sensing technologies, particularly vibrational spectroscopy, have emerged as
effective tools for the rapid quality assessment of agricultural products. Raman spectroscopy
provides a non-invasive technique for analyzing molecular structures through the inelastic
scattering of monochromatic light, enabling fast, reagent-free measurements that are suitable for
in-field or postharvest monitoring [5]. Its effectiveness in assessing internal quality attributes of
fruits has been widely demonstrated. For example, Andersen et al. applied Raman spectroscopy
to estimate TSS, TA, and the TSS/TA ratio in strawberries, achieving high predictive accuracy
through chemometric modeling. In grapes [6], Gao, et al. [7] developed calibration models for
anthocyanin quantification, while Ebrahimi, et al. [8] constructed reliable predictive models for
pH and TSS using Raman spectral data. Collectively, these studies highlight the strong potential
of Raman spectroscopy for fruit quality evaluation.

From a modeling perspective, the selection of appropriate machine learning algorithms is critical
for extracting meaningful relationships between Raman spectral features and grape quality
attributes. Raman spectra are high-dimensional and often noisy, and they frequently exhibit non-
linear relationships with quality parameters such as anthocyanins and flavonoids[7, 8].
Traditional univariate or simple multivariate methods may fail to capture these subtle patterns,
thereby limiting prediction accuracy. Multiple linear regression (MLR) is a widely used
chemometric method that is simple, transparent, and robust, particularly when correlated spectral
variables are transformed into independent components using principal component analysis
(PCA) or partial least squares (PLS) [9]. In contrast, support vector machines (SVM) represent a
powerful nonlinear learning algorithm capable of modeling complex and non-linear relationships
between spectral data and physicochemical properties, which are commonly observed in
biological and agricultural systems [10]. Previous studies have shown that combining Raman
spectroscopy with linear models, such as MLR, and nonlinear models, such as SVM, enables a
comprehensive evaluation of prediction performance across different quality parameters,
including anthocyanins, pH, and soluble solids [7, 8, 11]. Therefore, the simultaneous use of
MLR and SVM in the present work allows for a systematic comparison between linear and
nonlinear modeling strategies, enhancing the robustness and interpretability of grape quality
prediction based on Raman spectral data.

Despite the demonstrated potential of Raman spectroscopy for fruit quality evaluation, existing
studies have primarily focused on a limited number of quality attributes, specific grape cultivars,
or single predictive models. Moreover, most investigations have addressed either individual
chemical compounds or general maturity indicators, rather than providing a comprehensive
assessment of multiple quality parameters simultaneously. In addition, there is a lack of studies
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focusing on region-specific grape cultivars grown under arid and semi-arid climatic conditions,
where environmental variability can significantly influence fruit composition and quality.
Accordingly, the present study aims to evaluate the qualitative attributes of the Asgari grape
cultivar grown in Gonabad, Iran, using Raman spectroscopy coupled with advanced multivariate
and machine learning models. Unlike previous studies, this work simultaneously predicts
multiple key quality parameters, including TSS, pH, anthocyanin and flavonoid content, TA, and
the TSS/TA ratio, and compares the performance of different predictive approaches. By
integrating a region-specific focus with a comprehensive modeling framework, this study
provides a novel and scalable strategy for rapid grape quality assessment, contributing to the
advancement of precision agriculture and non-destructive analytical techniques.

2. Materials and Methods

2.1. Sample Preparation

Grapes of the Asgari cultivar (Vitis vinifera L.) were collected from vineyards in the Gonabad
region, including Ghassabeh, Ghozd, Kakhk, and Mend. A total of 55 samples were collected,
with each sample placed in a labeled container. Each sample was washed, dried using absorbent
paper, juiced, and filtered. A portion of the juice was reserved for physicochemical analysis, and
the remaining portion was allocated for Raman spectroscopy. All samples were stored at 4 °C
until testing to minimize postharvest metabolic activity and preserve physicochemical properties,
as recommended in table grape postharvest quality maintenance guidelines and studies on
postharvest grape handling[12, 13].

2.2. Measurement of physicochemical properties

Total soluble solids (TSS) were measured in triplicate using a digital refractometer
(Prismatech, Iran) and reported in degrees Brix (°Brix) according to AOAC Official Method
932.12 [14]. The pH was measured in triplicate using a calibrated pH meter (Consort, Belgium)
following AOAC Official Method 981.12 [15]. Titratable acidity (TA) was determined by
titration with 0.1 N NaOH according to AOAC Official Method 942.15 [16]. The TSS/TA ratio
was calculated as TSS divided by TA [11].

Total flavonoids were quantified using the aluminum chloride colorimetric method following
Singleton et al. [17]. Total anthocyanins were measured by the pH differential method according
to Giusti & Wrolstad [18].

2.3. Raman measurement

Raman spectra were acquired using a Raman microscope (TDLG100, Teksan, Tehran, Iran)
over the spectral range of 4200 to 200 cm™. A 785 nm laser was used with a power of 300 mW,
an integration time of 3 s, and an average of 5 scans to optimize signal intensity. Samples were
placed on a sample holder, with the laser focused on the sample. All measurements were
performed at room temperature, with a total collection time of 15 s per sample. All samples were
scanned under identical conditions.

2.4. Model Preprocessing
Spectral preprocessing comprised baseline correction, smoothing, and normalization.
2.4.1. Baseline Correction

To reduce fluorescence and other baseline artifacts, adaptive iteratively reweighted penalized
least squares (airPLS) was applied with parameters optimized for effective baseline removal
without over-smoothing peaks. The lambda (1) value was set to 10°, the penalty order was 2, and
the maximum number of iterations was 10 [19].

2.4.2. Smoothing
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After baseline correction, a Savitzky—Golay filter was applied with a window size of 11 points
and a polynomial order of 2 to reduce noise while preserving peak shapes [20].
2.4.3. Normalization Using SNV

Spectra were normalized using the standard normal variate (SNV) method. The mean of each
spectrum was subtracted, and the resulting values were divided by the corresponding standard
deviation to mitigate systematic variations arising from sample preparation and measurement
conditions [21].
2.5. Dimensionality Reduction

Given the high dimensionality of the Raman data (838 features per sample), principal
component analysis (PCA) and partial least squares (PLS) were used for dimensionality
reduction. PCA, an unsupervised method, transformed the data into principal components
retaining 95% of the total variance [22]. PLS identified latent variables that maximized
covariance between the spectral data and the target variables, including pH, TSS, TA, the
TSS/TA ratio, anthocyanin content, and flavonoid content. The optimal number of latent
variables was selected by cross-validation [23] .

2.6. Model Development

Two model families were developed using reduced features obtained from PCA and PLS,

namely multiple linear regression (MLR) and support vector machines (SVM). Samples were
randomly divided into training (80 %) and test (20 %) sets. Given the relatively small sample
size (n = 55), random splitting was applied to ensure that the test set remained independent for
unbiased performance evaluation. The split was not stratified by vineyard origin or measured
physicochemical parameters. Using PCA, five principal components were extracted and used as
inputs for both MLR and SVM models. Models were also trained using PLS components, with
the number of components optimized for each target variable. MLR was used to establish linear
relationships between spectral features and target variables [9].
Model development focused on MLR and SVM due to their complementary strengths. MLR
provides interpretable linear relationships between spectral features and response variables,
while SVM captures potential nonlinear relationships in the data [9, 10]. Although other
regression approaches commonly used in chemometrics, such as partial least squares regression
(PLSR) or ensemble methods like random forest, were not evaluated, previous studies have
demonstrated that PCA-MLR and SVM models can achieve robust predictive performance for
grape quality parameters [7, 8, 24]. Future work may explore additional algorithms to assess
potential gains in prediction accuracy or robustness.

SVM hyperparameters were tuned using grid search with cross-validation. The optimal
parameters were a regularization parameter (C) of 1 and a kernel coefficient (gamma) of 0.01
[10].

2.7. Model Evaluation
Model performance was assessed using the coefficient of determination (R?) and the root mean
square error (RMSE) [25]. The coefficient of determination indicates the proportion of variance
in the observed data explained by the model and was calculated as:
i1 — 92

?:1(3’ i 5}\ )2
where y; is the observed value, J; is the predicted value, and J is the mean of observed values.
RMSE quantifies the average prediction error and was calculated as:

R*=1-
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i=1(yi =92
n

RMSE =

Models were trained on 80 % of the data and evaluated on the remaining 20 % as a holdout test
set to ensure unbiased performance assessment. Five-fold cross-validation was additionally
applied to select the optimal number of latent variables in the PLS models by minimizing
prediction error [25].

3. Results and Discussion

3.1 Physicochemical Analysis

The physicochemical parameters of Asgari grape juice, including pH, total soluble solids (TSS),
titratable acidity (TA), the TSS/TA ratio, anthocyanin content, and flavonoid content, are
presented in Table 1 as mean values (= SD). Clear regional variations were observed among
samples collected from Mend, Ghassabeh, Ghozd, and Kakhk.

The mean pH values followed the order Mend > Ghassabeh > Ghozd > Kakhk, while TSS
exhibited a similar trend, ranking Mend > Ghassabeh > Kakhk > Ghozd. In contrast, TA showed
an inverse pattern, with the highest values recorded in Kakhk and the lowest in Mend.
Consequently, the TSS/TA ratio, which is an important indicator of grape maturity and sensory
quality, was highest in Mend and lowest in Kakhk. These trends highlight the combined
influence of regional climatic conditions and ripening status on grape physicochemical
composition.

The TSS values obtained in this study fall within the ranges reported by Ping, et al. [26], who
reported values of 15.47 to 20.28 °Brix, Daniels, et al. [11], who reported values ranging from
10.18 to 24.40 °Brix, and Azadshahraki, et al. [27] , who reported values ranging from 17 to
26.62 °Brix. These results indicate that the soluble solids content of Asgari grapes from Gonabad
is comparable to that reported for table grapes grown in other regions. Previous studies have
demonstrated that TSS and TA are strongly influenced by temperature and altitude, as increasing
temperature and ripeness enhance sugar accumulation while accelerating the degradation of
organic acids, thereby reducing TA.

Despite comparable TSS values, TA and the TSS/TA ratio observed in the present study were
relatively higher and lower, respectively, than those reported by Ping, et al. [26] , who achieved
an R? of 0.94 and an RMSEP of 1.96 for TA prediction. A plausible explanation for this
difference is the hot and arid climate of the Gonabad region. Under conditions of water stress and
elevated temperatures, grapevines tend to accumulate organic acids, particularly tartaric acid, as
part of their physiological stress response. This accumulation can result in TSS/TA ratios lower
than the commonly cited optimal range of 12.5 to 14 [26, 28]. Similar climatic effects on grape
acidity have been reported by Ping, et al. [26]. Moreover, titratable acidity is known to vary
dynamically during grape ripening, with tartaric acid levels typically reaching a maximum before
gradually declining as ripening progresses. Environmental conditions can modulate this process,
leading to region-specific acidity profiles. The observed differences in TA among the studied
regions are consistent with the findings of Fernandez-Novales, et al. [4], who reported that
organic acid composition is strongly influenced by both ripening stage and environmental
factors. Grape juice pH, which reflects hydrogen ion concentration and is inversely related to TA,

showed values consistent with those reported in the literature.
Tuble (1)

Grape juice pH reflects hydrogen ion concentration and is inversely related to TA, such that
higher acidity corresponds to lower pH [11]. The pH range observed in this study agrees with the
values reported by Azadshahraki, et al. [27], who reported a pH range of 3 to 3.96, and Daniels,
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et al. [11], who reported a pH range of 3.31 to 4.07, confirming the typical acidity characteristics
of table grapes.
Anthocyanin content was highest in samples from Kakhk, which may be attributed to the effect
of temperature on anthocyanin stability. Elevated temperatures promote anthocyanin
degradation, whereas relatively cooler conditions favor anthocyanin retention. Therefore, the
comparatively lower temperatures in Kakhk [29], may have contributed to the higher
anthocyanin levels observed. Differences between the present results and those reported by
Mirzaei, et al. [30], can also be explained by varietal effects, as their study focused on red
seedless grape cultivars, whereas the Asgari cultivar is predominantly green. Flavonoid content
was highest in samples collected from Mend. This variation may be associated with enhanced
activity of phenylalanine ammonia-lyase [28], a key enzyme in flavonoid biosynthesis, which
utilizes phenylalanine as a precursor [28]. a key enzyme in flavonoid biosynthesis that utilizes
phenylalanine as a precursor. Environmental and regional factors can influence PAL activity,
leading to differences in flavonoid accumulation among grape samples. The lower flavonoid
values observed in the present study compared with those reported by Gohari, et al. [31], may be
attributed to differences in cultivar type and growing conditions, as grapes contain phenylalanine
as a metabolic precursor for PAL and, consequently, for flavonoid biosynthesis.
3.2 Raman spectroscopy analysis

Baseline correction using adaptive iteratively reweighted penalized least squares (airPLS) was
applied to a representative spectrum from sample G1 (Fig. 1A). Spectral smoothing was
performed using a Savitzky-Golay filter with an 11-point window and a second-order
polynomial, achieving effective noise reduction while preserving spectral features (Fig. 1B) [20].
Standard normal variate (SNV) normalization was subsequently applied to center each spectrum
at zero mean and unit variance. As illustrated for sample G1 (Fig. 1C), SNV reduced intensity-
related variation among samples, thereby facilitating spectral comparison and model
development.

Figure (1)
Dimensionality reduction was then performed. Each sample consisted of 838 spectral variables
spanning 100 to 3500 cm™'. To mitigate the curse of dimensionality and enhance model
robustness, principal component analysis (PCA) and partial least squares (PLS) analysis were
employed. PCA retained five principal components explaining 80.2 percent of the total variance
(Fig. 2A). For PLS, the optimal number of latent variables for each target parameter was
determined using five-fold cross-validation over one to ten components by minimizing the mean
squared error (MSE) (Fig. 2B).
Figure (2)

The selected numbers of PLS components were as follows:

1. pH: 1 component

2. TSS: 2 components

3. Flavonoid: 3 components

4. TA: 4 components

5. Anthocyanin: 4 components
These differences reflect varying levels of input-output complexity among the target variables.
Final PLS-based models were refitted using the full training dataset with the selected number of
components.
3.3 Modeling and Evaluation

Models were trained using 80 percent of the dataset (n = 44) and evaluated on the holdout test
set comprising the remaining 20 percent (n = 11). Model performance was assessed using the
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coefficient of determination (R?) and the root mean square error (RMSE). The results obtained
for all quality parameters and modeling approaches, including MLR-PCA, SVM-PCA, MLR-
PLS, and SVM-PLS, are summarized in Table 2.
Table (2)

For the MLR-PCA model (Fig. 3), the distribution of points around the 1:1 line indicates higher
prediction accuracy for flavonoid and anthocyanin content, with larger deviations observed for
TA and particularly for pH. In the SVM-PCA model (Fig. 4), pH prediction accuracy improved
relative to MLR-PCA, whereas deviations increased for anthocyanin, TA, TSS, and especially
flavonoid content. For the MLR-PLS model (Fig. 5), prediction accuracy for TA improved, while
anthocyanin, TSS, pH, and particularly flavonoid content exhibited larger errors. In the SVM-
PLS model (Fig. 6), most target variables showed wide dispersion around the ideal line,
indicating lower predictive accuracy.

Figure (3)
Figure (4)
Figure (5)
Figure (6)

Overall, the predictive performance achieved in this study is comparable to, and in some cases
slightly exceeds, that reported in previous Raman-based studies of grape quality assessment.
Among the evaluated approaches, the MLR-PCA model provided the best performance for
anthocyanin (R? = 0.75) and flavonoid (R? = 0.74) prediction and outperformed SVM-based
models for TSS prediction (R? = 0.65). The improved performance of the MLR-PCA approach
can be attributed to the ability of PCA to denoise spectral data and orthogonalize highly
correlated variables, allowing the regression model to focus on the most informative variance
components. Similar advantages of PCA-assisted linear modeling have been reported by
Radhika, et al. [24] and Gao, et al. [7].

The higher prediction accuracy obtained for anthocyanins and flavonoids, compared with
broader maturity indices such as TSS, TA, and pH, highlights a key strength of Raman
spectroscopy. As a vibrational spectroscopic technique, Raman spectroscopy provides molecular-
level information and is particularly sensitive to specific functional groups, such as O-H and
C=0, which are abundant in phenolic compounds. Consequently, quality parameters with distinct
chemical fingerprints are predicted more reliably than aggregate indices influenced by multiple
biochemical pathways. This observation is consistent with previous studies by Krysa, et al. [32]
and Gao, et al. [7] , who also reported superior Raman-based predictions for phenolic
compounds relative to general quality parameters.

This behavior can be further explained by the specific Raman band assignments associated with
phenolic structures. Raman bands in the region of 3200 to 3400 cm™ are attributed to O-H
stretching vibrations of phenolic hydroxyl groups, which are abundant in anthocyanins and
flavonoids. Bands located around 1600 to 1650 cm™ correspond to C=C stretching vibrations of
aromatic rings, which are characteristic of flavonoid backbones. Additionally, Raman shifts in
the range of 1700 to 1750 cm™ are associated with C=O stretching vibrations present in
anthocyanin glycosidic structures and related phenolic compounds.

Further diagnostic bands observed near 1300 to 1350 cm™ and 1200 to 1250 cm™ are attributed
to C-O stretching and O-H bending modes, which have been reported as key spectral markers for
flavonoid and anthocyanin identification in grape-derived matrices. The presence and relative
intensity of these bands support the ability of Raman spectroscopy to selectively probe phenolic
compounds in aqueous grape juice, despite the dominance of water in the matrix. This spectral-
chemical correspondence explains the higher prediction accuracy achieved for anthocyanin and
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flavonoid content compared with broader maturity indices such as TSS and TA. These band
assignments are consistent with previous FT-Raman and dispersive Raman studies on grape
extracts and isolated flavonoids, confirming that the predictive models developed in this study
are based on chemically meaningful spectral features rather than purely statistical correlations
[33].
For titratable acidity, the MLR-PLS model achieved the best predictive performance (R? = 0.44),
slightly exceeding that of the MLR-PCA (R? = 0.40) and SVM-PCA (R? = 0.06) models. This
result is consistent with findings reported by Daniels, et al. [11] and Gabrielli, et al. [13], and
reflects the strength of PLS in handling collinear predictors and extracting latent variables that
are directly relevant to the response variable. In contrast, the SVM-PCA model provided the
most accurate prediction for pH (R? = 0.66), indicating that nonlinear relationships play a more
prominent role in pH modeling. Similar conclusions were reported by Ebrahimi, et al. [8] , who
demonstrated that combining dimensionality reduction techniques with nonlinear algorithms can
enhance predictive accuracy for complex quality attributes.
When compared with near-infrared spectroscopy-based studies on Asgari and other table grape
cultivars, the TSS prediction accuracy achieved in this work falls within the range reported in the
literature, although it is slightly lower than values obtained in some large-scale NIR studies [11,
26]. This difference can be attributed in part to the relatively small sample size and the inherent
complexity of TSS as a quality parameter influenced simultaneously by sugars, acids, and water
content. Nevertheless, Raman spectroscopy offers higher chemical selectivity and reduced
sensitivity to water, which is particularly advantageous for aqueous matrices such as grape juice.
The TSS/TA ratio, as a derived parameter, was not modeled independently, in agreement with
Daniels, et al. [11], who emphasized its calculation from directly measured indices as standard
practice in grape quality evaluation.
Overall, although the predictive performance of some models does not exceed the highest values
reported in large-scale studies, the present work demonstrates a meaningful advancement by
simultaneously predicting multiple physicochemical parameters of a region-specific grape
cultivar using a unified Raman-chemometric framework. This comprehensive approach, together
with the focus on Asgari grapes grown under arid and semi-arid climatic conditions, represents a
practical improvement over previous studies that typically addressed single quality attributes or
relied on a single modeling strategy.
3.4. Limitations and Future Work

While this study demonstrates the potential of Raman spectroscopy combined with
chemometric modeling for predicting key quality attributes of Asgari grapes, several limitations
should be acknowledged. The relatively small sample size (n = 55) may limit the generalizability
and robustness of the developed models. In addition, because the dataset was divided using non-
stratified random sampling, vineyard-specific variability may not have been fully balanced
between the training and test sets. Future studies employing larger sample sizes should consider
stratified or hierarchical sampling strategies to explicitly account for vineyard origin and
environmental heterogeneity.
Juice-based measurements were selected to reduce sample heterogeneity and improve spectral
reproducibility, and standardized sample preparation and preprocessing procedures were applied
to minimize matrix-related variability. Some models, particularly SVM-based approaches for
parameters such as TSS and anthocyanin content, exhibited relatively low predictive
performance, suggesting potential overfitting or insufficient feature representation.



Journal Pre-proofs

Despite these limitations, the study provides a solid foundation for future research. Expanding
the sample size and including multiple grape cultivars from diverse climatic regions may further
improve model accuracy and applicability. Future work could also focus on the development and
deployment of portable Raman devices for real-time, in-field quality assessment, enabling non-
destructive evaluation of intact berries. The modeling framework presented here may be
extended to other fruit crops, supporting broader applications in precision agriculture and
postharvest quality control. Integration of Raman spectroscopy with other sensing modalities,
such as near-infrared spectroscopy and hyperspectral imaging, may further enhance prediction
accuracy and model robustness. These directions hold promise for developing scalable, cost-
effective, and rapid tools for quality monitoring in horticultural supply chains.

4. Conclusions

The results of this study indicate that the MLR-PCA model provides the most reliable overall
performance for predicting the qualitative attributes of Asgari grapes. This approach
demonstrated strong predictive capability for anthocyanin content, flavonoid content, and total
soluble solids (TSS), with the highest accuracy observed for anthocyanin prediction (R* = 0.75).
The SVM-PCA model achieved superior performance in predicting pH, with an R? value of 0.66;
however, its predictive accuracy for other quality parameters, particularly TSS and titratable
acidity (TA), was comparatively lower.

Taken together, these findings confirm that Raman spectroscopy represents a rapid and effective
method for assessing the qualitative properties of Asgari grapes. An important advantage of this
technique 1is its suitability for use with portable Raman spectrometers in vineyards, storage
facilities, and processing environments, without requiring complex sample preparation. The
adoption of this approach can strengthen quality control practices and enhance operational
efficiency in agricultural and food-related industries.
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Figure 1- Preprocessing stages applied to Raman spectroscopy data of grape sample G1. (A) Spectrum after baseline correction

using the airPLS method. (B) Smoothed spectrum using a Savitzky—Golay filter. (C) Effect of Standard Normal Variate (SNV)
normalization on the spectral values.
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validation results for selecting optimal PLS components per output variable.
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Figure 3 - Prediction of quality parameters in 11 grape samples from the test set using the MLR-PCA model. (a) pH, (b) total

soluble solids (TSS), (c) flavonoids, (d) titratable acidity (TA), (¢) anthocyanins.
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Figure 5 - Prediction of quality parameters in 11 grape samples from the test set using the MLR-PLS model. (a) pH,
(b) total soluble solids (TSS), (c) flavonoids, (d) titratable acidity (TA), (e) anthocyanins.
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Figure 6 - Prediction of quality parameters in 11 grape samples from the test set using the

SVM-PLS model. (a) pH, (b) total soluble solids (TSS), (c) flavonoids, (d) titratable acidity
(TA), (e) anthocyanins.
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Table 1
physicochemical characteristics of Asgari grape samples
. * . Tt . Anthocyanin .
Vineyard Name TA (100 ml/g) Deviation of pH TSS (°Brix) TSS/TA Ratio (mg/l) Flavonoid (pg/ml)
Ghozd (G) 3.1694 +0.5293** 3.9299 +0.31649 16.6082 +2.6518 5.4829 +1.5940 3.6341 +0.8658 14.2917 £ 0.4081
Ghassabeh (Gh) 31637+ 0.8824 4.0275+0.20183 17.6887 +2.0882 6.0262 +1.9386 3.1287 £0.6308 13.3412 £0.2948
Kakhk (K) 3.9095+0.75630 3.7938 +0.1916 17.5861 +2.4157 4.6361 £0.9476 4.4038 £1.3580 11.7380 + 1.3002
Mend (M) 2.4811 +£0.1765 4.1522 £0.12715 18.6933 +£3.1168 7.4988 + 0.8757 3.2188 +£0.2074 15.3866 = 0.4990

*In this study, 17 samples were collected from Ghozd (G1_G17), 8 from Ghassabeh (Gh1_GhS8), 21 from Kakhk (K1 K21), and
9 from Mend (M1_M9)
** Mean + Standard Deviation

Table 2. Evaluation results of all models for all the factors examined in this study
Facator MLR-PCA MLR-PLS

SVM-PLS SVM-PCA
R2 RMSE R2 RMSE R2 RMSE R2 RMSE
pH 0.58 0.15 0.64 0.14 0.63 0.14 0.66 0.13
TSS 0.65 1.51 0.61 1.60 0.30 2.16 0.23 2.26
Flavonoid 0.74 0.67 0.11 1.23 0.23 1.15 0.27 1.12
TA 0.40 0.67 0.44 0.65 0.25 0.75 0.06 0.84

Anthocyanin 0.75 0.56 0.39 0.88 0.15 1.03 0.26 0.96




