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Abstract: This study aims to evaluate and classify the ripening stages of yellow-
fleshed kiwifruit by integrating spectral and physicochemical data collected from the
pre-harvest phase through 60 days of storage. A portable near-infrared (NIR) spectrometer
(900–1700 nm) was used to develop predictive models for soluble solids content (SSC)
and firmness (FF), testing multiple preprocessing methods within a Partial Least Squares
Regression (PLSR) framework. SNV preprocessing achieved the best predictions for FF
(R2P = 0.74, RMSEP = 12.342 ± 0.274 N), while the Raw-PLS model showed optimal perfor-
mance for SSC (R2P = 0.93, RMSEP = 1.142 ± 0.022◦Brix). SSC was more robustly predicted
than FF, as reflected by RPD values of 2.6 and 1.7, respectively. For ripening stage classifica-
tion, an Artificial Neural Network (ANN) outperformed other models, correctly classifying
97.8% of samples (R2 = 0.95, RMSE = 0.08, MAE = 0.03). These results demonstrate the
potential of combining NIR spectroscopy with AI techniques for non-destructive quality
assessment and accurate ripeness discrimination. The integration of regression and classifi-
cation models further supports the development of intelligent decision-support systems to
optimize harvest timing and postharvest handling.

Keywords: portable near-infrared spectroscopy; harvest quality prediction; fruit ripening
classification; machine learning model

1. Introduction
The kiwifruit is a perennial fruit belonging to the Actinidiaceae family, specifically

the genus Actinidia. Usually, kiwifruit are harvested unripe and stored in controlled
environment storage rooms for long periods of time before being marketed. As a climacteric
fruit, it produces ethylene (“ripening hormone”) during the postharvest ripening process [1].
Combined with pre-harvest factors, this contributes to the variation in fruit quality both
at harvest and during chilled storage, resulting in the difficulty of sorting fruits according
to their storage potential. To reduce losses along the agrifood supply chain, the optimal
assessment of fruit ripeness is a crucial aspect in order to optimize the quality of the fruit
for fresh consumption [2]. Traditionally, ripeness classification has relied on destructive
methods, which require sampling and chemical and physical analysis that are limiting in
terms of cost, time, and large-scale applicability [3]. However, it is important to emphasize
that maturity requirements can vary significantly depending on the commercial destination
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of the product: for fresh consumption, fruits at the optimal stage of ripeness are preferred,
with desirable organoleptic qualities such as aroma, sweetness, and texture, whereas for
storage or long-distance transportation, it is often preferable to harvest slightly unripe
fruits, which are more resistant to mechanical damage and spoilage, in order to preserve
quality at the point of sale.

Near-infrared visual spectroscopy (Vis-NIR) is one of the most commonly used non-
destructive techniques to estimate the internal quality of fruits [4]. Spectroscopy is based
on the bonding that governs the interaction between near-infrared (NIR) light and the
vibrations of chemical bonds in organic molecules inside the products. Each chemical
compound has distinctive absorption and reflection bands in the NIR spectrum [5]. Due to
these basic principles, the measurement of the ripeness of orchards non-destructively has a
solid basis from the past [6].

The use of portable NIR devices facilitates the quick collection of data on the chemical
composition and structural characteristics of fruits, making this technology especially
advantageous for field applications as well as along the supply chain [7]. Nowadays,
several applications of NIRs spectroscopy have been carried out on the evaluation of
insight quality of fruits like melons [8], apricot [9], apple [10], citrus [11], strawberries [12],
and also kiwifruit [1,4].

Soluble solids content (SSC) and flesh firmness (FF) are key parameters strongly cor-
related with final consumption quality, including sweetness and texture [13]. According
to the literature, flesh firmness (FF) in kiwifruits must be equal to or greater than approxi-
mately 62 N, while the soluble solids content (SSC) should range from 6.2 to 6.5◦Brix for
fresh consumption and from 7 to 9◦Brix for storage [14,15].

The integration of NIR spectroscopy (NIRS) sensors with machine learning (ML)
models offers promising opportunities for classifying fruit ripening stages and predicting
quality traits [4]. Traditional ML models, primarily based on linear relationships between
instances and predictors in chemometric applications, have reached a significant milestone,
consistently proving to be robust tools for predicting fruit quality parameters, as confirmed
by several studies [10–12,16].

Partial Least Squares Regression (PLSR) remains the most widely used linear method
for multivariate modeling due to its robustness and being easy to interpret [17]. On kiwifruit
applications, Ciccoritti et al. (2019) [13] achieved high predictive performance using PLS
models for SSC (R2 = 0.993, RMSEP = 0.40) and dry matter (DM) (R2 = 0.983, RMSEP = 0.33),
confirming the reliability of the prediction task. Similar results were reported by Benelli
et al. (2022) [15], who applied PLS models to the ‘Hayward’ variety and achieved predictive
R2 values of up to 0.94 for SSC and 0.92 for FF. Vis/NIR spectroscopy (375–1050 nm) was
used to monitor the ripening of ‘Jintao’ kiwifruit over a 13-week harvest period by [18].
The developed PLS models achieved good predictive performance, with R2 values of
0.81 for SSC and 0.88 for Hue [18]. A similar approach is multi-range data fusion, as
demonstrated by Cevoli et al. (2024) [19], who integrated Vis/NIR HSI (400–1000 nm)
and FT-NIR (800–2500 nm) spectra through both low-level (concatenation of pretreated
spectra) and mid-level (fusion of features extracted via Principal Component Analysis
(PCA) or PLS from each dataset) data fusion techniques. The best results were achieved
with feature fusion (mid-level, PLS scores), showing R2 values greater than 0.85 for SSC,
DM, and FF, confirming the efficacy of an integrated approach across spectral bands. More
recently, Xia et al. (2024) [20] compared both diffuse reflectance and diffuse transmission, or
predicting SSC in kiwifruit. Their study combined various preprocessing techniques (e.g.,
Savitzky–Golay smoothing and multiplicative scatter correction (MSC)) with competitive
adaptive reweighted sampling (CARS) for wavelength selection and used PLS regression
to build predictive models. The diffuse reflectance method yielded superior performance
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(R2 = 0.98, RMSEP = 0.66) compared to the transmission method (R2 = 0.95, RMSEP = 0.93),
highlighting its higher potential in SSC prediction.

Partial Least Squares Discriminant Analysis (PLS-DA) and Linear Discriminant Analy-
sis (LDA) are widely employed in the classification assessment of kiwifruit. For example,
Benelli et al. (2022) [15] used Vis-NIR spectroscopy (400–1000 nm) to classify ‘Hayward’
kiwifruit into three maturity stages based on soluble solids content (SSC) and flesh firmness
(FF), achieving classification sensitivities of 97% (for SSC) and 93% (for FF) using PLS-DA
and soft PLS-DA models. Similarly, Lee et al. (2025) [1] developed PLS-DA and Support
Vector Machine Classification (SVMC) models to distinguish ripening stages, reporting
classification accuracies of 91.46% and 91.55% for PLS-DA and SVMC, respectively.

Vis-NIR reflectance has thus proven to be a reliable non-destructive technique for
monitoring compositional changes and assessing quality in kiwifruit during both the
harvest and postharvest periods [21]. However, given the dynamic nature of quality
parameters over time, the application of more complex or nonlinear models may be required
to capture these changes effectively. For instance, Support Vector Machines (SVMs) have
outperformed linear models such as PLS in predicting SSC and firmness after storage [1,22].
Similarly, Artificial Neural Networks (ANNs), as demonstrated by [23], have proven to
be effective tools for predicting firmness and its interactions with mineral composition
during kiwifruit storage. In addition, convolutional neural networks (CNNs) have shown
great potential in multi-source data fusion scenarios, achieving an R2 of 0.864 in SSC
prediction [24].

Due to their ability to model complex, often nonlinear and previously unknown
relationships between input variables and quality parameters during ripeness stages and
postharvest storability, advanced machine learning (ML) models have become key tools for
classification tasks in kiwifruit research. For instance, Li M. et al. (2022) [4] used spectral
data acquired at harvest time to classify fruit based on firmness (with a threshold of 9.8 N)
using Random Forest (RF), SVM, and Decision Stumps (DS) models. The best performance
was achieved after 125 days of storage, with 79% of firm and 54% of soft fruits correctly
classified. Shang et al. (2023) [25] developed PLS-DA and simplified k-nearest neighbors
(KNN) models to discriminate kiwifruit maturity stages, obtaining classification accuracies
of 93.3% and 98.3%, respectively. More recently, Qin et al. (2024) [26], explored the
application of NIR sensors for real-time firmness evaluation during robotic fruit handling.
By employing KNN and SVM classifiers, they achieved classification accuracies of 97.5%
and 96.24%, respectively.

In this context, the ability to classify kiwifruit based on their ripeness stage at harvest
and their predicted behavior during storage represents a valuable tool for precision har-
vesting strategies. The integration of Vis-NIR spectroscopy with advanced classification
algorithms enables the development of decision-support systems capable of guiding harvest
operations. Such tools can discriminate fruits not only by their current quality attributes
but also by their anticipated postharvest evolution, thereby allowing selective harvesting.
Most of the literature has focused on long-term storage scenarios, with studies assessing
internal quality attributes over extended periods ranging from 120 to 150 days [1,22], with
the aim of supporting storage management decisions and optimizing fruit destination. In
contrast, few studies have explored the use of Vis-NIR spectroscopy to monitor quality
evolution over shorter periods, up to 8 weeks [27].

This study aims to contribute to the assessment and classification of kiwifruit quality
at harvest. Unlike conventional approaches, which mainly focus on data collected at or
after harvest, this work also integrates spectral and physicochemical information gathered
during the pre-harvest phase, allowing for the continuous monitoring of quality traits up
to 60 days after storage.
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Using portable near-infrared (NIR) spectroscopy (900–1700 nm), the goal is to develop
predictive and classification models of kiwifruit ripening based on key commercial pa-
rameters: soluble solids content (SSC) and firmness (FF). The ultimate aim is to improve
the accuracy of ripening stage prediction and classification, thereby supporting more in-
formed decisions regarding harvest timing and postharvest management, in a short- to
medium-term perspective.

2. Materials and Methods
2.1. Sample Preparation

The kiwifruit Actinidia chinensis cv Zesy002 (trade name: Zespri™ Sungold) was culti-
vated in the Metaponto area (Province of Matera, Basilicata, Italy). Fruits were harvested
in September 2024 at two times: two weeks before reaching commercial maturity and at
commercial harvest. This sampling strategy was selected to capture clearly distinct stages
relevant for practical harvesting decisions. Immediately after harvest (day 0), the fruits
were transferred to a cold storage chamber and kept at an initial temperature of 10 ◦C.
During storage, a daily ozone treatment was applied at a flow rate of 5 ppm/min for 30 min,
administered each day throughout the storage period.

The storage temperature was gradually reduced from day 0, with a controlled decrease
of approximately 1 ◦C per day, until reaching −0.5 ◦C on day 10. After the gradual cooling
phase, the fruits were stored at −0.5 ◦C for the remainder of the storage period.

2.2. Data Collection

Near-infrared (NIR) analysis was performed using a portable PoliSPEC-NIR spec-
trophotometer (courtesy of IT-Photonics S.r.l., Fara Vicentino, Italy). The device operates in
the spectral range of 900–1700 nm, with a spectral resolution of 3.2 nm. It is equipped with
a halogen lamp as light source and an InGaAs (Indium Gallium Arsenide) detector with
a 256-pixel array. The instrument also features a front-mounted heat sink and a thermal
control system to minimize signal distortion caused by temperature fluctuations during
field use.

Spectral data were collected at three distinct time points: 10 days before harvest
(pre-harvest, PH), at harvest (day 0, D0), and after 60 days of refrigerated storage (day 60,
D60). A total of 200 samples were analyzed. Measurements were performed in duplicate
on opposite equatorial sides of each fruit, and the two spectra were averaged to obtain a
representative spectrum for each sample.

2.3. Soluble Solids Content and Firmness Analysis on Kiwifruit

At each sampling time, the soluble solids content (SSC) was determined using a
portable refractometer (Atago model ATC-1E, Minato-ku, Tokyo, Japan) with a Brix scale
range from 0 to 32 ± 0.2%.

Fruit firmness (FF) was determined using an Instron texture analyzer (Model 3343,
Instron Co., Norwood, MA, USA), equipped with a flat-tipped cylindrical stainless steel
probe of 8 mm. The penetration test was performed at a constant speed of 4 mm/min.
Firmness was assessed by measuring the force required to penetrate the fruit flesh, exclud-
ing the skin, to a depth corresponding to 20% of the fruit’s equatorial height. Results were
expressed in Newtons (N).

2.4. Data Analysis
2.4.1. Development of a Predictive Model for Soluble Solids Content and Firmness

Partial Least Squares Regression (PLSR) is a widely used technique for developing
linear prediction models based on spectral data and measured qualitative parameters,
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such as firmness and soluble solids content (SSC) [12,15,28]. This approach enables the
analysis of the relationship between the independent variables (spectral matrix X) and
the dependent variables (Y matrix), while reducing data dimensionality and mitigating
the influence of noise. The principle of PLSR relies on the decomposition of the X matrix
into new latent components that simultaneously maximize covariance with Y in order to
construct robust and efficient predictive models.

Data Preprocessing

To enhance the signal-to-noise ratio and reliability of the predictive models, differ-
ent spectral pretreatment methods were used. More specifically, Multiplicative Scatter
Correction (MSC) and Standard Normal Variate (SNV) were used to normalize the scat-
tering effect. MSC assumes that all the samples have the same scattering as a reference
spectrum (e.g., the mean spectrum). The method is to calculate a linear-regressed model
between all of the measured spectra and the reference spectrum and correct the measured
spectra using the linear-regressed model obtained [29]. Similar to MSC, SNV operates
individually on each spectrum by subtracting its mean and dividing by its standard devia-
tion [30]. Additionally, the Savitzky–Golay filter was applied to compute first- (SG1) and
second-order (SG2) derivatives, aiming to reduce high-frequency noise while preserving
low-frequency information [31]. For dimensionality reduction, a Principal Component
Analysis (PCA) was used, retaining the components that explained at least 95% of the total
spectral variance [28].

To optimize the performance of the PLSR model, an iterative procedure was imple-
mented for the removal of outliers and uninformative wavelengths, as described in [32].
Briefly, outliers were identified based on cross-validation residuals, which were then nor-
malized using the z-score and excluded if associated with anomalous values relative to the
overall distribution. In parallel, relevant wavelengths were selected by analyzing the PLSR
loading coefficients, normalized with respect to their standard deviation and to the spectral
variability specific to each wavelength.

Performance Analysis of the Prediction Model

The performance of the PLSR model, developed using 80% of the calibration dataset,
was evaluated using the coefficient of determination (R2), root mean square error of cali-
bration (RMSE), and Residual Predictive Deviation (RPD), as shown in Equations (1)–(3).
A 2-fold cross-validation was employed to balance computational efficiency and model
robustness, helping to reduce overfitting.

R2 = 1 − ∑n
i=1 (yi − ŷi)

2

∑n
i=1 (yi − y)2 (1)

RMSE =

√
1

∑n
i=1(yi − ŷi)

2

n
(2)

RPD =
SD

RMSE
(3)

where yi is the measured value, ŷi is the predicted value, y is the mean of predicted values,
n is the number of samples, and SDγ is the standard deviation of measured values.

2.4.2. Development of a Classification Model for Fruit Ripeness Assessment
Linear Discriminant Analysis (LDA)

Linear Discriminant Analysis (LDA) was used to improve the discrimination between
kiwi samples. LDA is a classification method that maps n-dimensional sample vectors to
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an m-dimensional space and optimizes separations of the groups by maximizing between-
class variance and minimizing within-class variance. LDA is closely related to analysis of
variance and classification, with the objective of modeling an independent variable as a
linear combination of predictor variables [33].

Decision Trees (DTs)

Decision Tree (DT) is one of the most used and inductive approaches for data transfor-
mations. It is suitable for the treatment of discrete-valued functions and even with noisy
data. Predictions are generally made for the decision tree using a set of rules that adhere to
its statistical properties [34]. We used three different decision tree (DT)-based methods in
our study to evaluate the degree of matching for the data, which were J48 (an improved
version of the DT learner which lowers the error rate), CART (which partitions the training
data into subregions to create the output feature space), and LMT (a hybrid classifier of
logistic model tree (LMT) model.

Artificial Neural Network (ANN)

To design the ANN, the inputs (spectra data) and the output, as well as the general
ANN format, must be defined. In order to design a system for an ANN, an optimal choice
needs to be made for the configuration parameters, which are the structure, the training
algorithm, transfer functions, and the number of different layers and number of neu-
rons. Learning algorithms often entail backpropagation with Jacobian and gradient partial
derivatives, with supervised or self-supervised weight and bias updates [35]. Levenberg–
Marquardt (LM) training algorithms have been examined to evaluate the strength of the
network.

The size of neurons and hidden layers also affects the error rate for neural networks.
Although increasing these components may enhance accuracy, it also can result in increased
computational complexity and the possibility of overfitting. To obtain a trade-off between
the performance and complexity of the system, a network with two hidden layers and
20 neurons was used in this study. The number of neurons in the layers was odd-odd or
even-even. To prevent overfitting during the training, the dataset was divided into training,
validation, and test sets. In addition, a 10-fold cross-validation method was used for more
reliable model evaluation by splitting the data into subsets.

Support Vector Machine (SVM)

SVM is a nonparametric method that maps the features into a higher-dimensional
space and creates a separable hyperplane based on the Gram matrix of the kernel func-
tions [36]. In the current study, four computationally kernels were adopted: Radial Basis
Function (RBF, Equation (4)), Polynomial (Equation (5)), Gaussian (Equation (6)), and
Pearson Universal Kernel (Equation (7)).

f (xy) = e−α∥x−y∥2
(4)

f (xy) =
[
(xy + 1)n]√

(xy + 1)n(y2 + 1)n
(5)

f (xy) = exp

(
−∥xi − x∥2

2σ2

)
(6)
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f (xy) =
11 +

2

√
∥x − y∥2

√
2

1
β − 1

2


β
(7)

where α is the kernel size, x and y are feature vectors, n stands for the polynomial order,
and σ and β specify the gaussian functions.

In order to achieve a good performance of the Polynomial and Gaussian kernel func-
tions, it is important to perform an appropriate regularization of the penalty factor (C).
This also impacts the performance of SVM by testing how well the model fits the training
data. Moreover, the regularization coefficient (γ) sets the extent to which the data are
transformed into a higher-dimensional space by scaling the spread of the RBF and Pearson
kernels. In this work, 5 levels of C (0.01, 0.1, 1, 10, and 100) and 3 levels of γ (0.01, 0.1, and
1) were used to find a suitable location of the hyperplanes. The model was then evaluated
in an iterative manner until optimal results were obtained.

A summary of the data analysis is presented in Table 1. The table outlines the spectral
preprocessing techniques and the corresponding models applied to predict quality parame-
ters (SSC and firmness) and to classify ripening stages of kiwifruit. Detailed kernel types,
model configurations, and training parameters are also reported where applicable.

Table 1. Summary of preprocessing methods and machine learning models used for prediction and
classification tasks.

Models Abbreviation/Details

Prediction task Partial Least Squares Regression (PLSR) Raw-PLS

Standard Normal Variate + PLSR SNV-PLS

Multiplicative Scatter Correction + PLSR MSC-PLS

Savitzky–Golay 1st derivative + PLSR SG1-PLS

Savitzky–Golay 2nd derivative + PLSR SG2-PLS

Classification task Linear Discriminant Analysis (LDA)

Decision Trees (DT)

• J48—Based on C4.5 algorithm
• CART—Classification and Regression

Trees
• LMT—Logistic Model Tree

Artificial Neural Network (ANN)
2 hidden layers, 20 neurons per layer; odd-odd
or even-even configuration;
Levenberg–Marquardt training.

Support Vector Machine (SVM)

Kernels = Radial Basis Function (RBF),
Polynomial, Gaussian, Pearson Universal;
Regularization parameters: C = {0.01, 0.1, 1, 10,
100}, γ = {0.01, 0.1, 1}

Performance Analysis of the Classification Model

A comparison between the utilized models to select the best model for the developed
system was applied. The criteria were the correlation coefficient (R), mean absolute error
(MAE), and root mean squared error (RMSE), which were measured by the following
equations:

R =

√√√√1 − ∑n
i=1(Ci − Cii)

2

∑n
i=1(Ci − Cm)

2 (8)
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MAE =
1
n∑n

i=1|Ci − Cii| (9)

RMSE =

√
1
n∑n

i=1(Ci − Cii)
2 (10)

where Ci, Cii, Cm, and n were the discriminated Kiwi, predicted Kiwi, the mean value
of the Kiwi samples, and the total number of samples, respectively. In addition, external
cross-validation was used to assess the prediction performance of the models.

3. Results and Discussion
3.1. Firmness and SSC Prediction Results
3.1.1. Partial Least Squares Regression (PLSR) Model Accuracy

The results of the PLSR model under the different configurations analyzed, after the
selection of relevant wavelengths and the removal of outliers, are summarized in Table 2,
following a Monte Carlo simulation with 100 iterations.

Table 2. PLSR model performance in cross-validation and external prediction over 100 Monte Carlo
runs. The values of the coefficient of determination (R2), root mean square error (RMSE), and residual
predictive deviation (RPD) are reported both for cross-validation (CV) and external prediction (P).

Parameter Model R2CV RMSECV RPDCV Outliers N◦

Samples

Selected
Wave-
length

R2P RMSEP RPDP

Firmness Raw-
PLS

0.856
(0.021)

10.451
(0.752)

2.66
(0.18) 8 152 30 0.728

(0.023)
12.854
(0.533)

1.95
(0.08)

SNV-
PLS

0.856
(0.014)

10.501
(0.524)

2.65
(0.13) 8 152 16 0.749

(0.011)
12.342
(0.274)

2.02
(0.05)

MSC-
PLS

0.872
(0.016)

9.795
(0.596)

2.82
(0.17) 8 152 22 0.662

(0.013)
14.336
(0.276)

1.74
(0.03)

SG1-PLS 0.853
(0.020)

10.463
(0.697)

2.64
(0.17) 8 152 23 0.562

(0.022)
16.312
(0.415)

1.53
(0.04)

SG2-PLS 0.880
(0.015)

9.462
(0.579)

2.92
(0.17) 8 152 25 0.625

(0.014)
15.088
(0.278)

1.66
(0.03)

SSC Raw-
PLS

0.967
(0.004)

0.753
(0.042)

5.57
(0.31) 4 156 22 0.935

(0.003)
1.142

(0.022)
3.98

(0.08)

SNV-
PLS

0.964
(0.004)

0.781
(0.046)

5.33
(0.31) 0 160 28 0.918

(0.005)
1.289

(0.039)
3.53

(0.11)

MSC-
PLS

0.965
(0.004)

0.770
(0.048)

5.37
(0.34) 4 156 23 0.929

(0.003)
1.194

(0.027)
3.81

(0.09)

SG1-PLS 0.968
(0.004)

0.744
(0.042)

5.60
(0.32) 0 160 22 0.934

(0.003)
1.151

(0.022)
3.95

(0.08)

SG2-PLS 0.962
(0.004)

0.803
(0.042)

5.18
(0.26) 3 157 17 0.931

(0.002)
1.177

(0.017)
3.86

(0.06)

The regression models developed for predicting firmness generally demonstrated good
predictive performance in cross-validation (CV), with R2CV values ≥ 0.85. The best results
in CV were obtained using the SG2 (R2CV = 0.880; RPDCV = 2.92) and MSC (R2CV = 0.872;
RPDCV = 2.82) preprocessing methods. These were followed by the Raw and SNV models,
which showed similar performances (R2CV = 0.856), with RPDCV values around 2.65.
However, in external prediction, model performance decreased significantly, with R2P
values ranging from 0.562 (SG1) to 0.749 (SNV). The SNV-PLS model achieved the best
trade-off between accuracy and robustness (R2P = 0.749; RMSEP = 12.342; RPDP = 2.02),
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standing out for its stability across the tested configurations. In contrast, the SG1-PLS
model yielded the poorest results (R2P = 0.562; RMSEP = 16.312; RPDP = 1.53).

Regarding the soluble solids content (SSC), the models showed greater consistency
between CV and external prediction. During training, all models achieved R2CV > 0.96
and RPDCV > 5, with RMSECV values ranging from 0.744 to 0.803◦Brix, indicating strong
model fitting and reliable performance during cross-validation.

This trend was also confirmed in external prediction (P), where the models maintained
excellent performance, with R2P > 0.91 and RPDP > 3, confirming their strong predictive
reliability. Specifically, the Raw-PLS model achieved the best overall results (R2P = 0.935;
RMSEP = 1.142; RPDP = 3.98), closely followed by the SG1-PLS model (R2P = 0.934;
RMSEP = 1.151; RPDP = 3.95). These results indicate that SSC strongly correlates with
spectral features, independently of the applied preprocessing method.

These results are clearly illustrated in Figure 1, which shows the predictive perfor-
mance of the best PLS models for estimating firmness (SNV-PLS) and soluble solids content
(SSC, Raw-PLS), after the selection of relevant wavelengths and removal of outliers, along
with the relative trend of the RPD metric during the model optimization cycle. Compared to
the firmness model, the SSC model shows greater consistency between cross-validation re-
sults and external prediction outcomes, suggesting a lower risk of overfitting. This behavior
can be partly attributed to the narrower range of the SSC target variable (from 5.2 to 18◦Brix)
compared to firmness (from 2.36 to 92.26 N), as well as to variability related to the presence
of different maturation stages at the sampling times used in this study. Specifically, two
ripening classes (related to the pre-harvest and postharvest periods) appear to contribute
to this variability, highlighting a marked difference in postharvest (D60) kiwifruits. The
more diverse data distribution introduces complexity in establishing consistent predictive
relationships, which may reduce the performance of external validation. In contrast, the
distribution of SSC values across the three data acquisition periods (pre-harvest, harvest,
and postharvest) is more uniform, resulting in better generalization and a lower risk of
overfitting, together with a likely more linear spectral response to sugar content, as also
highlighted by the RPD trend during wavelength selection.

As is known, firmness is under the influence of several quality-related attributes
of the fruit. According to [22], the spectral information acquired at harvest may not
accurately reflect the firmness that the fruit will exhibit after the storage period. As a result,
obtaining reliable quantitative predictions is particularly challenging. Kiwi firmness is
a physical property linked to the internal cellular structure, whose variability can affect
both the spectral features and surface scattering. McGlone. (1998) [37] hypothesized that
pectin modifications, mainly responsible for changes in firmness, are more difficult to
detect compared to other more abundant constituents, such as total soluble solids (TSS).
Furthermore, cell turgor, which significantly contributes to perceived firmness, depends
on the fruit’s water content and the rate of water loss from the outer and inner pericarp
tissues [38]. Finally, the intrinsic limitations of NIR, as pointed out by [22], clarify that
near-infrared light penetrates only about 2 mm beneath the skin, whereas standard firmness
measurements are based on penetration forces at approximately 8 mm depth 7.

The results obtained in this study confirm that the quantitative prediction of firmness
(FF) is more complex than estimating the sugar content, as previously highlighted by [19,22].
A comparison with the literature shows that, in the case of firmness, the SNV-PLS model
developed achieved moderate predictive performance (R2P = 0.749; RMSEP = 12.342 N),
which is lower than the performance reported by [19], who achieved R2P = 0.78 and
RMSEP = 11.96 N using Vis/NIR data, but superior to the study by [22], which reported
R2P = 0.50 and RMSEP = 4.41 N, despite considering a narrower range of firmness. In
comparison, Ciccoritti et al. (2019) [13] reported even higher performance, obtaining
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the best predictive model for firmness using raw spectra (R2P = 0.90, RMSEP = 28.8 N).
Similarly, Benelli et al. (2022) [15] achieved significant predictive values, with R2P ranging
between 0.82 (RMSE = 14.51 N) and 0.92 (RMSEP = 9.87 N).

Figure 1. Performance of the selected PLSR models for firmness (SNV-PLS) and soluble solids content
(RAW-PLS) in relation to cross-validation (CV) and external validation (EXT), after wavelength
selection and outlier removal, along with the trend of RPD values in cross-validation (RPDcv) and
external validation (RPDext) during the iterative optimization cycle of the models. The star point
(⋆) on the RPDcv curve and the diamond (♦) on the RPDext curve represent the maximum RPD
value reached by the model, selected as the best compromise between cross-validation accuracy and
prediction. The circle on the Y-axis represents the corresponding value of the optimized model after
100 Monte Carlo runs.

Regarding the sugar content, the Raw-PLS model developed in the present work
(R2P = 0.935; RMSEP = 1.142◦Brix) showed results comparable to those obtained by [19],
with R2P = 0.859 and RMSEP = 1.45◦Brix, and superior to those reported by [21], whose
models based on combinations of pretreatments (SG, SNV, MSC) and variable selection
(SPA, CARS) achieved R2Pvalues between 0.22 and 0.69, with RMSEP between 1.07 and
1.81◦Brix. An excellent performance was reported by [13], with SNV producing the best
predictive model for SSC (R2P = 0.993, RMSEP = 0.40◦Brix), while [15] obtained predictive
R2 values ranging from 0.85 (RMSEP 1.10◦Brix) to 0.94 (RMSEP = 0.73◦Brix), confirming
the generally higher accuracy observed for SSC prediction compared to firmness.

Moreover, portable NIR devices have shown promising results in predicting SSC and
firmness in various fruits. SW-NIR spectroscopy (900–1650 nm), combined with Savitzky–
Golay second-derivative preprocessing and SPA-PLS modeling, has been used to predict
SSC in mango, achieving R2P = 0.78 and SEP = 0.67◦Brix ([39]). Similarly, Yu & Yao.
(2022) [40] applied a portable NIR spectrometer (900–1700 nm) to pears, obtaining excellent
results using a Si-GA-PLS model, with R2P values of 0.9406 for SSC and 0.9119 for firmness.
Compared to the present study, these findings emphasize the need to further optimize
the predictive models. Nevertheless, an RPD value between 2 and 2.5 is considered a
rough but acceptable prediction, while a value above 2.5 represents a good or excellent
prediction [41]. Therefore, the model developed for SSC (RPDP = 3.98) can be considered
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reliable for practical applications, while the one for firmness (RPDP = 2.02) requires further
optimization to enhance its predictive capacity.

3.1.2. Feature Extraction

Figure 2 shows the trend of the average spectrum of the best models selected for
predicting soluble solids content (SSC) and firmness (FF) in kiwifruits. The curves represent
the normalized average reflectance of the considered spectra. The selected wavelengths
used in the predictive models for SSC and firmness are summarized in Table 3. The main
selected wavelengths (around 958, 978, 1085, 1107, 1452, and 1465 nm) are strongly con-
sistent with those reported in the literature. Several authors have identified characteristic
peaks in kiwi spectra around 974 nm, 1200 nm, 1460 nm, and 1780 nm, confirming their
relevance to O-H and C-H bonds, associated with sugar content, water, and the cellular
structure of kiwis [13,19,20,42].The first broad peak, centered around 974 nm, is attributed
to the combined absorption of water and carbohydrates [37], while [43] identified the bands
at 980.39 and 1470.59 nm as corresponding to the first and second overtone of the O-H
bond in water, respectively. Additionally, the bands around 1197.60 nm and 1785.71 nm are
related to the overtones of the CH group, suggesting a connection with sugars, cellulose,
and cellular water [13].

 

Figure 2. Normalized mean spectrum of the wavelengths selected for the prediction of firmness
(16 WL) and SSC (22 WL), highlighting representative peaks (within ±0.1% of the interpolated
spectral peak positions) and shared wavelengths.

Table 3. Selected wavelengths for soluble solids content (SSC) and firmness (FF) prediction using the
best PLS models.

Model Parameters Selected Wavelengths

Raw-PLS SSC
901.00, 929.90, 952.41, 1084.58, 1107.19, 1129.81, 1145.96, 1220.28,
1326.78, 1381.52, 1420.09, 1452.17, 1503.38, 1528.92, 1551.23, 1570.33,
1621.09, 1624.25, 1627.42, 1659.01, 1668.46, 1687.35

SNV-PLS FF 913.84, 926.69, 955.63, 978.16, 997.48, 1020.04, 1107.19, 1149.19, 1171.81,
1204.12, 1330.00, 1464.99, 1548.05, 1583.04, 1681.06, 1684.20
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Vis/NIR spectroscopy can be effectively used to determine the SSC content in ki-
wifruit [20]. However, one of the main concerns regarding the performance and robustness
of NIR models for fruits and vegetables is the influence of the “richness” of variation within
the calibration sample, a topic that has been widely discussed [41]. This concern is further
highlighted by the performance observed in our firmness prediction.

3.2. Ripeness Classification Results
3.2.1. ML Models’ Accuracy

Table 4 presents the performance analysis of different ML models for the classification
of the samples. LDA had a relatively good performance with R2: 0.48, RMSE: 0.46, MAE:
0.40. The smaller value of R2 with relatively higher error measures shows the poor capability
of LDA in dealing with nonlinear separability between kiwifruit classes. Being a linear
model, it assumes normally distributed features and equal covariance between classes,
which may not be the case for this dataset. This is what causes the model to poorly classify
samples, particularly when the class boundaries are not well-defined.

Table 4. Performance metrics of ML models and their respective methods or kernel functions used
for classifying three classes of kiwifruit.

Model LDA ANN DTs SVM

Method J48 CART LMT RBF Polynomial Gaussian Pearson
Performance
R2 0.48 0.95 0.48 0.50 0.48 0.65 0.59 0.61 0.57
RMSE 0.46 0.08 0.46 0.45 0.47 0.35 0.39 0.38 0.42
MAE 0.40 0.03 0.41 0.38 0.42 0.28 0.31 0.29 0.34

ANN model ranked as the best model with the best R2 of 0.95, the least RMSE of
0.08, and the minimum MAE of 0.03 among the other models. These findings demonstrate
great model generalization and accurate detection of the right class of kiwifruit. The
better performance of the network may be attributed to its capacity for modeling complex
nonlinear relationships and learning from higher-dimensional data. The low value of error
rates and high value of determination coefficient show that the ANN model does well with
noise and overlapping features, which is the best model for this classification task.

We compared the results for three DT techniques: J48, CART, and LMT. The best
performance was achieved by LMT with: R2: 0.50, RMSE: 0.45, and MAE: 0.38. J48
and CART produced a little lower R2 values (0.48) and slightly higher errors, especially
in MAE (J48: 0.41, CART: 0.42). These results indicate that Decision Trees can model
patterns in structured data; their performance might be inhibited based on learning style
hyperparameters that either learns overly-simplified concepts (underfit) or have trouble
generalizing the target function (overfit). Since LMT fuses logistic regression and the
structure of tree-based learning, it is possible to have a better generalization and error rate
than of the others.

With the SVM model, four kernel functions were compared. For kernels, the RBF
function presented the superior performance with the highest R2 and the smallest RMSE
and MAE. This demonstrates that the RBF network does well with nonlinear associations.
Excise and Pearson, as well as Polynomial kernels, presented a slightly lower performance,
which means they could not adapt themselves well to the complexity of the data. However,
in general, SVM models provided a better trade-off between accuracy and error when
compared to LDA and standard Decision Tree approaches.
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3.2.2. Best ML Models’ Performance

Figure 3 illustrates the confusion matrix for the classification of kiwifruits for each ML
model. Classes A, B, and C correspond, respectively, to pre-harvest, harvest, and posthar-
vest stages. The accuracy of DTs is moderate, and there were many wrong classifications
between classes A and B, with only 25 out of 45 samples of class A and 18 out of 45 of class
B being correctly classified, showing that the model performed poorly toward especially for
these two classes. Class C presented worse results, but still, with only 34 correct predictions,
the tree model seems able to at least distinguish one class better. The low-to-moderate R2

(0.50) value confirms the low explanatory power, and the relatively high RMSE (0.45) and
MAE (0.38) values reflect inaccuracy in prediction, especially for classes A and B.

 

Figure 3. Confusion matrices of machine learning models used for classifying three classes of kiwifruit
(A, B, and C): model 1 (decision tree), model 2 (artificial neural network), model 3 (linear discriminant
analysis), and model 4 (support vector machine). Classification results are shown as a color map,
ranging from correct classifications in green to incorrect classifications in red.

ANN clearly dominates the others, providing almost perfect classification with one
misclassified data for each class. It was able to accurately predict 44 out of 45 cases in all
classes, indicating the good generalization and pattern recognition ability for the classifier.
This indicates that the ANN was able to learn the intricate relationships among the input
features and the class label. The extremely high R2 (0.95) and low RMSE (0.08) and MAE
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(0.03) indicate a high accuracy and small error for the estimation, which is in agreement
with the high classification accuracy found in the confusion matrix.

Like the DT, the LDA achieved a relatively poor performance, in particular with class A
(only 5 correctly classified out of 45 samples). It is prone to classify class A as class B, which
means that there are problems in dealing with nonlinearly separable data or overlapping
feature distributions. The results of the LDA show a poor ability to discriminate, especially
for classes A and B. The fact that the LDA is linear may lead to this loss of performance in a
too complex nonlinear classification frontier. The SVM was fairly weak, yet offered a better
class separation in comparison to the DTs and the LDA. It accurately predicted 31, 29, and
29 for classes A, B, and C, respectively, but there is still some confusion, particularly for
class B, which was frequently misclassified as A or C, which suggests that the SVM was
better but not entirely stable with regard to data overlap or kernel bound.

Recent studies have demonstrated the effectiveness of ML models in classifying fruit
quality attributes. Worasawate & Chiangga. (2022) [44] developed four common machine
learning (ML) classifiers, the k-mean, naïve Bayes, Support Vector Machine, and Feed-
Forward Artificial Neural Network (FANN), all of which were aimed at classifying the
ripeness stage of mangoes at harvest. Further, Sarakum & Sukpancharoen. (2025) [45]
proposed a novel non-destructive approach for classifying the sweetness of Khao Tang Kwa
pomelos by integrating machine learning (ML) techniques with acoustic signal and image
processing. They used deep learning and vision-based features to classify, achieving an R2 of
0.93 and low error values. These findings closely align with our results, where the Artificial
Neural Network (ANN) model yielded the best performance for kiwifruit classification (R2:
0.95, RMSE: 0.08, MAE: 0.03). The effectiveness of ANN in our study mirrors the superior
performance of complex, nonlinear models highlighted in these works, reaffirming their
capacity to handle subtle variations in fruit morphology and physicochemical properties

4. Conclusions
The study evaluated the application of a portable NIR spectrometer for the prediction

of soluble solids content (SSC) and firmness (FF) in yellow-fleshed kiwifruit and for the
classification of ripening stages.

The various preprocessing methods tested in the PLSR models for FF prediction
showed good performance in cross-validation, with the best results achieved using the SG2
and MSC methods. However, in external prediction, the performance decreased, with the
SNV-PLS model offering the best balance between accuracy and robustness (R2P = 0.73).
For soluble solids content (SSC), the models maintained excellent performance in both
cross-validation and external prediction, with the Raw-PLS model achieving the best overall
results (R2P = 0.93). Additionally, by selecting a minimum number of spectral features, 16
and 22 wavelengths for FF and SSC, respectively, the results highlight the importance of
these choices for the applicability of portable instruments, as they allow reliable estimates
using a more compact spectral dataset, ideal for use in low-cost portable measurement
devices.

Regarding the classification of ripening stage, the artificial neural network (ANN)
model outperformed all other approaches evaluated, correctly classifying 97.8% of the sam-
ples in each class and showing excellent performance (R2 = 0.95, RMSE = 0.08, MAE = 0.03).
These results confirm the ANN’s strong learning and generalization capabilities, thanks to
its ability to model complex and nonlinear relationships and to handle high-dimensional
data.

Therefore, the portable NIR spectrometer, in combination with chemometric and
artificial intelligence techniques, proved to be a promising tool for the non-destructive
assessment of kiwifruit quality and the discrimination of ripening stages. This approach
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facilitates the separation of fruits suitable for long-term storage from those better suited for
immediate market distribution, ultimately improving supply chain efficiency and reducing
postharvest losses.

However, analyzing the regression and classification components separately provides
only a partial view of the decision-making potential associated with fruit quality. Integrat-
ing these two approaches paves the way for the development of a combined predictive
system, in which the estimation of key quality parameters (such as Brix) feeds into a
classification model capable of supporting more informed and automated operational
decisions.
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