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SUMMARY

Research background. Arumanis mango is a high-value tropical fruit whose market
acceptance depends primarily on internal quality attributes. However, reliable quality grading remains
difficult because Arumanis is a green-mature cultivar that shows minimal external colour changes
during ripening. Moreover, most existing non-destructive sensing studies rely on controlled
experimental conditions, high-cost instruments, or homogeneous sample sources, with limited
evaluation of model robustness across heterogeneous market environments.

Experimental approach. This research evaluates a low-cost, portable, and non-destructive
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guality assessment framework combining an AS7265x UV-Vis-NIR multispectral sensor with a genetic
algorithm-optimised committee machine (GA-CM) to predict physicochemical parameters of Arumanis
mangoes. A total of 200 samples were collected from both modern and traditional markets to capture
variability in maturity levels and postharvest handling practices. Non-destructive spectral reflectance
data were acquired at 18 wavelengths (410-940 nm), followed by destructive reference
measurements of total soluble solids, total sugar, vitamin C, pH, and water content. Three base
learners, e.g. linear regression (LR), support vector regression (SVR), and artificial neural network
(ANN), were developed and integrated using two ensemble strategies: simple averaging and GA-
based weighted averaging. Model performance was assessed using the coefficient of determination
(R?) and mean squared error (MSE).

Results and conclusions. The results demonstrate that mangoes from different market
typologies exhibit similar spectral trends but differ in reflectance magnitude, reflecting variations in
maturity and postharvest conditions and yielding a robust, heterogeneous dataset. Among individual
models, ANN and SVR significantly outperformed LR, with ANN showing superior capability in
capturing non-linear relationships between spectral signatures and internal quality attributes.
Ensemble modelling further enhanced prediction accuracy, with the GA-CM consistently
outperforming both individual learners and simple averaging by optimally weighting base models.
High predictive performance was achieved across all quality parameters, with an average R2 of
approximately 0.97.

Novelty and scientific contribution. This study provides a novel contribution by introducing a
GA-optimised ensemble framework that leverages complementary modelling strengths under low
spectral resolution conditions. By validating the system across mixed supply chains rather than
controlled environments, the proposed approach demonstrates strong generalisation capability and

practical applicability for real-world, non-destructive quality assessment of Arumanis mango.
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INTRODUCTION

The mango (Mangifera indica L.) is one of the most economically significant tropical fruits
globally, favoured for its exotic flavour and nutritional value. In the Southeast Asian market, the
‘Arumanis' cultivar is particularly dominant due to its distinct aroma and high consumer demand.

However, the commercial value of Arumanis mangoes is frequently compromised by inconsistencies
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in post-harvest quality grading. While many other varieties show clear changes in colour as they ripen,
the Arumanis mango is a 'green-mature' type, that retains its green skin even at full maturity, which
results in a large mismatch between appearance and internal quality properties [1]. As a result,
traditional methods of sorting the fruit by size or by the colour of the skin are generally not reliable in
predicting important internal physicochemical properties such as water content, total soluble solids
(TSS), total sugar content, acidity (pH), and vitamin C [2].

To address these quality control challenges, the agricultural industry has historically relied on
destructive analytical methods, such as refractometry for TSS and titration for acidity. While accurate,
these methods are time-consuming, labour-intensive, and result in the destruction of the sample,
rendering them unsuitable for real-time grading in high-volume supply chains [3]. In response, non-
destructive testing (NDT) technologies based on near-infrared (NIR) spectroscopy have emerged as
a standard solution. Spectroscopy links light absorption at specific wavelengths to molecular bonds
like C—H and O-H. This makes it possible to analyse a fruit's internal chemistry non-destructively,
without needing to cut or damage it [4]. However, commercial NIR spectrometers are typically bulky,
complex, and prohibitively expensive ($10,000-$50,000), restricting their adoption to large-scale
industrial facilities and leaving smallholder farmers with limited access to precision grading
technology.

The recent advent of Micro-Electro-Mechanical Systems (MEMS) has facilitated the
development of low-cost, portable spectral sensors, such as the AS7265x triad sensor, which covers
the ultraviolet, visible, and near-infrared (UV-Vis-NIR) spectrums (410-940 nm). These sensors are
more affordable than full-scale lab equipment; however, they have low spectral resolution. Benchtop
spectrometers capture hundreds of continuous light wavelengths, whereas these sensors usually rely
on just 18 separate channels [5]. That limited view creates sparse, heavily overlapping data, making
basic linear regression models fall short when predicting complex biochemical traits like vitamin C or
specific sugars, which do not follow neat, straight-line patterns [6].

To overcome the inherent hardware limitations of low-cost sensors, recent computational
advancements suggest shifting focus from hardware improvement to advanced algorithmic
compensation. Ensemble learning, specifically the concept of committee machines, has gained
traction in precision agriculture [7]. A Committee machine aggregates the predictions of multiple
diverse expert systems or base learners, such as artificial neural networks (ANN), support vector
regression (SVR), and linear regression (LR), to achieve generalization performance superior to any

single model [8]. The underlying premise is that different algorithms capture different aspects of the



data structure; for instance, ANNs excel at capturing non-linear dependencies typical of biological
variability [9], while LR is robust against overfitting in linear trends [10].

However, a standard committee machine typically employs simple averaging, which may not
be optimal if one base learner significantly outperforms the others for a specific parameter. A more
sophisticated approach involves dynamically optimizing the voting weights of the committee
members. Genetic algorithms (GA), a stochastic search heuristic inspired by natural evolution, offer
a robust mechanism to determine the optimal weight combination that minimizes the prediction error
for specific target variables [11]. Despite the potential of this hybrid approach, there is a scarcity of
literature applying GA-optimized committee machines specifically to the domain of low-cost spectral
sensing for tropical fruit quality.

This study aims to bridge the gap between affordable hardware and high-precision analysis.
We propose the development of a portable, non-destructive grading system using the AS7265x
sensor, integrated with a genetic algorithm-optimized committee machine. The specific objective is to
accurately estimate five key physicochemical quality parameters of Arumanis mangoes: total sugar,
total soluble solids (TSS), vitamin C, pH, and water content. By leveraging the computational strength
of ensemble learning to compensate for sensor resolution, this research seeks to validate a cost-

effective solution for real-time fruit quality assessment in mixed-market supply chains.

MATERIALS AND METHODS
Sample preparation

A total of 200 'Arumanis' mango (Mangifera indica L.) samples were utilized in this study. To
ensure the development of a robust calibration model capable of handling real-world supply chain
heterogeneity, samples were stratified into two distinct acquisition groups. The first group (Nm=100)
was sourced from modern retail outlets (supermarkets) in Purwokerto, Indonesia, characterized by
controlled storage temperatures (20—22 °C), while the second group (N=100) was obtained from
traditional open-air markets, located in Purwokerto, Indonesia, exposing the fruit to fluctuating
ambient conditions (28—-32 °C). This sampling strategy was designed to introduce maximum variability
in physiological maturity and internal quality attributes, preventing model overfitting to specific storage
conditions. All samples were equilibrated to laboratory temperature (25 °C) and cleaned prior to

spectral acquisition to minimize surface interference.



Instrumentation and spectral acquisition

The spectral data acquisition was performed using a custom-designed prototype integrating
the AS7265x smart spectral sensor triad (ams-OSRAM AG, Premstaetten, Austria) coupled with
Arduino Uno microcontroller (Arduino, Monza, Italy) (Fig. S1). The AS7265x chipset includes three
specialized sensors, e.g. AS72651, AS72652, and AS72653, to capture the spectral range from 410
to 940 nm. The device contains a built-in light source that includes a white LED at 5700 K, a UV LED
at 405 nm, and an NIR LED at 875 nm. A plastic hardcase was utilized to cover the instrument so that
the spectral responses could be measured. It was then connected to a computer to determine the
sample's reflectance light via USB type A and B connections.

The measurement setup involved placing the fruit sample on a designated testing aperture,
with the sensor module mounted directly underneath to facilitate non-destructive contact
measurement (Fig. S2). Moreover, due to the diverse colour range of the Arumanis mango skin,
spectral measurements were taken from two opposite areas on the surface of each fruit to account
for variations in colour (Fig. S3). This method was employed to minimize the impact of small, localized
colour changes on both surfaces, while still obtaining spectral information that can provide more
precise depictions of how the fruit is overall.

Upon activation of the system, the integrated LED array emitted broad-spectrum radiation
spanning ultraviolet (UV), visible (Vis), and near-infrared (NIR) bands onto the specific surface area
of the sample. During this interaction, a portion of the light energy was absorbed by the fruit tissue,
correlated with its internal physicochemical properties, while the remaining light was reflected. This
diffuse reflectance was subsequently captured by the sensor’s three distinct optical units (UV, Vis,
and NIR), which generated signals corresponding to the specific wavelengths detected.

These analogue spectral signals were processed and converted into digital format via an
Arduino-based interface. The resulting data were systematically recorded and stored as a structured
dataset for further analysis. The AS7265x sensor enabled the acquisition of high-fidelity reflectance
intensities across 18 discrete wavelengths covering the UV-Vis-NIR range, providing a

comprehensive optical profile essential for characterizing the fruit quality attributes.

Measurement of mango physical dimensions

Each mango sample was measured for its physical dimensions, i.e. mass, size, and surface
area. Mango mass and size (length, width, and thickness) were measured twice using a weight
balance and a caliper, respectively. Mango surface area was calculated by means of the Knud

Thomsen ellipsoidal approximation using the following equation [12]:
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where a, b, and c were the radius of the fruit length axis, width axis, and thickness axis, respectively

(Fig. S4), and p=1.6075.

Reference measurement of physicochemical properties

Immediately following non-destructive spectral scanning, destructive analyses were
performed to determine the ground-truth values of five key mango quality parameters. All chemical
analyses were conducted in triplicate. For the determination of total soluble solids (TSS), the mango
pulp was homogenized and filtered, and the resulting supernatant was measured using a digital
refractometer (model Atago PAL-1, Tokyo, Japan). The TSS content was expressed in degrees Brix
(°BXx).

Total sugar content, which is distinct from TSS, was determined by quantifying the combined
concentrations of sucrose, glucose, and fructose using the anthrone colorimetric method with
spectrophotometric detection at 620 nm [13]. This parameter was included because sugar-related
absorption bands in the NIR region (C-H stretch) are important spectral features for the model
development.

The acidity of the mango samples was evaluated by measuring the pH of the juice using a
calibrated digital ATC pocket pH meter (model Hofun pH-009, New Delhi, India) at 25 °C. Vitamin C
(ascorbic acid) content was determined using the standard iodine titration method [14]. Approximately
10 g of mango pulp was homogenized with distilled water and subsequently filtered. The filtrate was
titrated with a standardized 0.01 N lodine (l2) solution using starch as an indicator until a persistent
blue colour was observed. lodine (I;) and soluble starch were purchased from Merck (Darmstadt,
Germany). The vitamin C content (mg/100 g) was calculated using the following equation:

(V, — V) - c - 88.06 - DF) _
m

100 12/
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p

where Vy is the volume of iodine used for the sample (mL), Vs is the volume for the blank (mL), c is
the molarity of the iodine solution (0.01 N), 88.06 is the equivalent mass of ascorbic acid, DF is the
dilution factor, and mj, is the mango pulp mass (g).

Water content was determined gravimetrically in accordance with the AOAC official standards

[15]. Approximately 5 g of fresh mango pulp sample was weighed and dried in a convection oven at



105 °C until a constant mass was achieved. The water content was expressed as a percentage (%)

on a wet basis and calculated using the following equation:

_ My My
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where m; and m. are the mass of the initial and dried sample (g), respectively.

Data processing and committee machine architecture
Base learners

All computational algorithms and model developments were implemented using the MATLAB
R2020a programming environment [16]. The committee machine was constructed using three diverse
base algorithms, each defined by specific mathematical formulations to model the relationship
between the spectral input matrix, X (reflectance at 18 wavelengths), and the corresponding
physicochemical quality parameters, Y. Three base learners employed in this study were linear
regression, support vector regression, and artificial neural network.

Linear regression (LR) was employed as the baseline linear model to capture direct
correlations. It models the target variable as a linear combination of the spectral features plus an error
term. The predicted physicochemical quality parameter using LR can be obtained from the following

equation [17]:
18
Yir =Bo + Z(ﬂi “Xi) +€ 14/
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where (o is the intercept, i is the regression coefficient associated with the i-th wavelength, X is the
spectral reflectance value at the i-th channel of the AS7265x sensor, and ¢ is the random error term
assuming a normal distribution.

Support vector regression (SVR) was implemented to handle high-dimensional non-linearity
using the e-insensitive loss function. The goal is to find a function f(x) that has at most € deviation from
the actual targets. The predicted physicochemical quality parameter using SVR can be obtained from

the following equation [18]:

18
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where K is a kernel function, a; and «; are the Lagrange multipliers, x; represents the support vectors,
and b is the bias term. A Radial Basis Function (RBF) was selected as the kernel function due to its
effectiveness in spectral analysis:

K (x;,x) = exp(=yllx; — x|I?) 16/

where y is the kernel parameter controlling the spread of the Gaussian function, and lIxi-xlI? is the
squared Euclidean distance between the input vector and the support vectors.

An artificial neural network (ANN) based on a feed-forward multi-layer perceptron (MLP) [19]
was designed to model the nonlinear relationship between the spectral inputs and the
physicochemical quality parameters. The network consisted of an input layer with 18 neurons
representing spectral responses of the AS7265x sensor, one hidden layer, and an output layer with
five neurons corresponding to the estimation outputs of five physicochemical properties. The
mathematical operation involves the weighted sum of inputs passed through a non-linear activation
function.

For the hidden layer, the output of the j-th neuron is calculated using the hyperbolic tangent

sigmoid function (tanh):

18
H; = tanh (Z W].il) - X; + bj(1)> 17/
i=1

The final output Yann is computed by a linear transfer function (purelin) in the output layer:

Nh
i=1

where H; is the output of the j-th neuron, w® and w® denote the weight matrices for the hidden and
output layers, respectively, b® and b® are the bias vectors, and Nh is the number of neurons in the
hidden layer.

The number of neurons in the hidden layer is determined by using the following equation [20]:

Nh = 0.5-(Ni+ No) +VNs 19/

where Ni and No are the number of input and output neurons, respectively, and Ns is the number of

samples in the dataset.

Committee machine-based ensemble learning
To evaluate the effectiveness of ensemble integration, the estimations generated by the three

base learners were combined using two distinct weighting methods, i.e. simple averaging (SA) and
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genetic algorithm-based weighted averaging (GA-WA). The overall configurations of the committee

machine and integration strategies are presented in Fig. 1.

(Fig. 1)
The general equation of the committee machine output (Ycw) is defined as:
Nb
i=1

with

Z wi =1 11/

where Ycw is the final prediction generated by committee machine, Y; is the prediction produced by
the i-th base learner, w; is the corresponding weighting coefficient, and Nb is the total number of base
learners.

The simple averaging (SA) method serves as the baseline ensemble approach. In this
scheme, equal importance is assigned to all base learners, operating under the assumption that each
model contributes equally to the prediction accuracy [21]. The weights are fixed as wi=1/Nb, where in
this study, Nb = 3, corresponding to LR, SVR, and ANN. Thus, the prediction is calculated as:

1
Ysa = 3 X (YLrt+Ysyr+Yann) 112/

This method reduces the variance of the prediction error by combining the outputs of multiple
learners. However, it does not consider the specific strengths or weaknesses of individual algorithms
for different physicochemical parameters.

In contrast to SA, the weighted averaging (WA) approach acknowledges that base learners
may exhibit varying degrees of accuracy depending on the non-linearity of the target parameter (e.g.,
vitamin C vs. TSS). To determine the optimal contribution of each model, a genetic algorithm (GA)
was employed to optimize the weight vector w={w.r,Wsvr,Wann}. The GA searched for the optimal
combination of weights that minimized the prediction error of the committee machine while satisfying
the constraint that the sum of the weights equals unity. The resulting weighted prediction was

calculated as:
Yea—wa = WiR * YLRtWsyr * YsyrtWann * Yann 113/

The GA-based optimization process followed these steps:



1. Initialization: A population of 50 chromosomes was generated (default for number of variables <5),

where each chromosome represented a candidate weight vector. The weights were constrained

such that 3 , w; =1 and 0 sw;<1.

2. Fitness function: The fithess of each chromosome was evaluated by minimizing the mean square

error (MSE) on the validation dataset:

Fitness = min(MSE, ;) 114/

3. Evolutionary operations: To generate the next generation of weight vectors, the algorithm applied

stochastic genetic operators based on MATLAB'’s default settings:

a)

b)

d)

Selection: The Stochastic Uniform selection function was employed. This method lays out a
line in which each parent corresponds to a section of the line of length proportional to its scaled
fithess value. The algorithm moves along the line in steps of equal size to allocate parents.
This approach is preferred over simple roulette wheel selection as it preserves genetic
diversity while ensuring that fitter individuals have a higher probability of being chosen for
reproduction.

Crossover: A crossover fraction of 0.8 was utilized with the scattered crossover function. This
creates a random binary vector to select genes from the first parent where the vector is 1, and
from the second parent where the vector is 0, facilitating the effective recombination of weight
strategies.

Mutation: A Gaussian mutation function was applied to the remaining children. This operator
adds a random number derived from a Gaussian distribution (scale and shrink parameters
determined by the default configuration) to the parent entries. This introduces necessary
random variability to prevent the algorithm from getting trapped in local minima.

Termination: The iterative process continued until the maximum number of generations (100)
was reached or the average change in the fitness value was less than the function tolerance
(1e-6). The final optimal weights were then applied to the test set to generate the final

predictions [22].

Model evaluation

The dataset was randomly partitioned into a training set (80 %) and a test set (20 %). Model

performance was evaluated using the coefficient of determination (R?) and mean squared error

(MSE). The coefficient of determination measures how well the regression model explains the
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variability of the observed/actual data, while MSE measures the average squared difference between

the predicted and actual values. The values of R? and MSE can be calculated as follows:

Nd (52
R?=1- —l;;(y‘ 31‘)2 /15/
i=1 (i — )
1 d
MSE == Z(yi —9)? 116/

1=1

where y; is actual (observed) value, y; is predicted value, y is mean of the actual values, and Nd is

the number of observations.

Statistical analysis
The physical dimensions and physicochemical properties of mango samples were statistically
analysed in terms of mean value and standard deviation, as well as minimum and maximum values,

using Excel [23] to provide information on data variability.

RESULTS AND DISCUSSION
Spectral characteristics of Arumanis mango

The average reflectance spectra of the Arumanis mango samples acquired using the AS7265x
sensor are characterized by distinct absorption features across the UV-Vis-NIR range. Variations in
spectral response (R(1)) across different market sources may reflect underlying differences in post-
harvest handling, ripening methods, and physiological integrity.

Spectral measurements indicate that mangoes sourced from traditional markets exhibit
consistently higher spectral response across visible and near-infrared bands than those from modern
markets. The spectral response curves of mango fruits obtained from modern and traditional markets,
as seen in Fig. 2, exhibit a shared morphological profile across the wavelength (1) of 410-940 nm
range. This indicates that mangoes from both sources share the same basic biochemical building
blocks, especially pigments and water. However, a significant quantitative divergence is observed in
the magnitude of the spectral response, particularly within the spectrum of 410—-700 nm.

(Fig. 2)

In spectroscopic analysis of climacteric fruits, lower reflectance (higher absorption) in the
visible range is typically correlated with higher concentrations of surface pigments, such as
chlorophyll-a and carotenoids [24]. The lower response in modern market samples suggests a denser

pigment profile or a change in the optical properties of the exocarp. This phenomenon may be
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attributed to the "stay-green" effect or delayed degradation of chlorophyll often observed in modern
supply chains that utilize controlled atmosphere (CA) storage or refrigeration [25]. Conversely, the
higher reflectance in traditional market samples may indicate a more advanced stage of chlorophyll
degradation or a thinner cuticle layer due to prolonged exposure to ambient temperatures and higher
transpiration rates [26].

Descriptive statistics of reference data

Supermarket mangoes generally offer higher and more uniform sugar levels (total soluble
solids), lower surface microbial counts, and more consistent firmness and appearance. In contrast,
mangoes from traditional markets show much wider variations in acidity, pH, and spoilage rates.
These differences stem primarily from supply chain management, handling, and fruit selection rather
than natural biological factors alone. The physical dimensions and physicochemical properties of
mangoes acquired from traditional and modern markets are shown in Table 1.

(Table 1)

The observed higher and more uniform TSS in fruits from modern retail is commonly attributed
to supply-chain selection and postharvest sorting: supermarkets preferentially source fruit at defined
maturity stages and often apply cold-chain logistics that slow respiration and sugar loss, producing a
tighter TSS distribution [27]. By contrast, traditional markets receive heterogeneous lots from multiple
smallholders and intermediaries, increasing variance in maturity and, therefore, TSS and sugar
profiles [28].

Acidity and pH differences follow an inductive pattern from maturity and handling: unripe or
stress-affected fruits retain higher titratable acidity and lower pH, while fully ripe fruits show reduced
acidity; traditional market lots therefore often show greater acidity variability because of mixed
maturity and accelerated postharvest respiration under ambient conditions [29]. These
physicochemical shifts are consistent with cultivar-level baselines but are amplified by postharvest
practices [30].

Water content was fairly consistent between the two groups, averaging 86.4 % for modern
market samples and 87.2 % for traditional ones. However, modern market samples showed a wider
range of water content (81.2 to 95.2 %) compared to the narrower range in traditional markets (84.3
to 90.5 %). The maintenance of high water levels in traditional markets, despite higher ambient
temperatures, may be attributed to local practices such as frequent water misting or shorter intervals
between harvest and sale. Nevertheless, since average moisture levels remain nearly identical

despite major differences in sugar and vitamin content, water content is a poor metric for measuring
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market quality. Biochemical markers like sugar levels (TSS) and vitamin C (ascorbic acid) are better
indicators [31].

Nutritionally relevant phytochemicals such as vitamin C and polyphenols show less consistent
differences: when maturity and cultivar are controlled, concentrations are comparable between
market types, but degradation during storage and exposure to heat/light in traditional markets can
reduce ascorbic acid and antioxidant capacity, producing lower mean values and higher variance
[32,33].

Performance comparison of base learners and committee machines

The core objective of this study was to evaluate whether the genetic algorithm (GA)-optimized
committee machine could outperform single base learners. The performance metrics, represented by
MSE (Table 2) and R? (Table 3), for the training and test sets revealed a clear hierarchy in model
efficacy. Among the single base learners, linear regression (LR) yielded the lowest accuracy,
particularly for vitamin C and total sugar. This underperformance is attributed to the inherent non-
linearity between the spectral response and biochemical concentrations in complex fruit tissue.

(Table 2)
(Table 3)

Support vector regression (SVR) and artificial neural network (ANN) significantly outperformed
LR to estimate physicochemical properties of mangoes, with ANN showing superior capability in
modelling non-linearities. However, individual non-linear models occasionally suffered from
overfitting, indicated by a divergence between training and test errors [34]. The simple averaging
committee machine (SA-CM) improved stability but did not achieve the maximum potential accuracy.
In contrast, the GA-optimized committee machine (GA-CM) demonstrated the highest predictive
performance across all parameters.

By dynamically adjusting the weight vector w, the GA effectively assigned stronger influence
to the model best suited for all parameters. The optimized weight vector w is:

WLR 0.0002
[WSVR] [0 1397] 1171
WANN 0.8601

This optimization resulted in a significant reduction in MSE compared to the single best model,

confirming the hypothesis that ensemble techniques can compensate for low spectral resolution [35].
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Prediction of physicochemical attributes using GA-CM

Fig. 3a and Fig. 3b show that the GA-CM model accurately predicted total sugar content
(Réygar = 0.986) and TSS (R3ss = 0.979). The scatter plots of measured and anticipated values
showed significant linearity near the 1:1 line. This success implies that the AS7265x sensor effectively
captures the C-H bond overtones in the NIR channels (810, 860, 940 nm), which are direct indicators
of sweetness. The result validates the system's utility for grading mangoes based on sweetness, the
primary driver of consumer preference [36].

Predicting vitamin C proved more challenging due to its relatively low concentration compared
to sugars and water. While single models struggled, the GA-CM improved the prediction accuracy to
a very good level (R, = 0.941) as seen in Fig. 3c. This improvement suggests that the ensemble
approach effectively reduces the signal-to-noise ratio inherent in low-concentration analyte detection.
Similarly, pH prediction (Fig. 3d) showed reliable accuracy, likely due to its covariance with organic
acids that affect the fruit's water matrix absorption properties [37].

As expected, water content was predicted with the highest accuracy (R2 .., = 0.966) (Fig. 3e).
This is physically consistent, as water is the dominant constituent of the fruit and has a strong, broad
absorption peak at 940 nm, which aligns perfectly with one of the sensor’s specific channels.

(Fig. 3)
CONCLUSIONS

This study demonstrates that a genetic algorithm-optimized committee machine can
significantly enhance the predictive performance of low-cost UV-Vis-NIR spectral sensors for non-
destructive quality assessment of Arumanis mangoes. By integrating linear regression, support vector
regression, and artificial neural networks into a weighted ensemble framework, the proposed GA-CM
successfully compensated for the limited spectral resolution of the AS7265x sensor. The ensemble
model achieved superior accuracy compared with single learners and simple averaging approaches
across all evaluated physicochemical parameters, including total sugar content, TSS, vitamin C, pH,
and water content.

The findings confirm that water content and sweetness metrics (total sugar and TSS) can be
predicted with high accuracy. Furthermore, key nutritional factors like vitamin C, which are difficult to
estimate using low-resolution sensors, achieved strong predictive performance when combined with
ensemble optimization. Testing fruit from both modern supermarkets and traditional markets proved

that the model remains dependable under diverse, real-world supply chain conditions.
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Overall, this research highlights that algorithmic intelligence, rather than expensive hardware,
is the key enabler for scalable and affordable non-destructive fruit quality grading. The proposed
system offers strong potential for on-site application by smallholder farmers, traders, and distributors,
supporting data-driven decision-making in tropical fruit supply chains. Future work should focus on
expanding the dataset across seasons and cultivars, as well as integrating the system into embedded
or mobile platforms for fully autonomous field deployment.
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Fig. 2. The variations in spectral response of mangoes acquired from different market types
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Table 1. Physical dimensions and physicochemical properties of mangoes acquired from traditional

and modern markets

Parameter Traditional markets Modern markets
m/g (325.3+39.1)2 (330.8+45.2)2
L/mm (133.446.2) (132.7+5.6)?
W/mm (82.4+3.4)? (82.7+3.8)?
T/mm (68.5+3.1)2 (69.2+3.3)?
Alcm? (275.620.0)? (276.8+20.0)?
w(vitamin C)/(mg/100 g) (4.31+1.62) (5.52+2.55)°
w(water)/% (87.2+1.4)2 (86.4+3.2)2
TSS/°Bx (9.40+1.27)2 (10.85+1.48)°
pH (6.06+0.50)2 (6.17+0.62)2
w(total sugar)/(g/100 g) (9.43+5.13) (14.46+4.20)°

L=fruit length, W=fruit width, T=fruit thickness, A=fruit surface area, TSS=total soluble solids. Mean values
followed by the same lowercase letter in the row do not differ significantly from each other (p>0.05) according
to Tukey’s test

Table 2. Comparison of MSE results from base learners and committee machines

Physicochemical property LR SVR ANN SA-CM  GA-CM
w(vitamin C)/5 4.24680 1.04325 0.36629 1.05854 0.31990
w(water)/% 0.043 0.011 0.002 0.010 0.002

TSS/°Bx 1.61734 0.39278 0.06133 0.36074 0.05327
pH 0.20263 0.02682 0.00891 0.03659 0.00761
w(total sugar)/% 22.99595 3.75156 0.48720 4.70261 0.50759
Average MSE 5.81263 1.04290 0.18475 1.23172 0.17768

Table 3. Comparison of R2results from base learners and committee machines

Physicochemical property LR SVR ANN SA-CM  GA-CM
w(vitamin C)/% 0.1817 0.8647 0.9336 0.9096  0.9409
w(water)/% 0.2304 0.8657 0.9614 0.9095 0.9660
TSS/°Bx 0.3794 0.8855 0.9769 0.9292  0.9795
pH 0.3278 0.9273 0.9711 0.9299 0.9748
w(total sugar)/% 0.3039 0.9211 0.9854 0.9333 0.9862
Average R? 0.2846 0.8929 0.9657 0.9223  0.9695
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SUPPLEMENTARY MATERIAL

Laptop/PC with
Arduino program

USB type A and
type B connections Arduino Uno
microcontroller

AS7265X
e L chipset

_______________

Fig. S1. The developed prototype integrating the AS7265x chipset coupled with Arduino Uno

microcontroller

Portable

t t
Laptop/PC with spectrometer

Arduino program

Fruit sample

Fig. S2. Acquisition of mango spectral responses using the developed portable spectrometer
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Fig. S3. Measurement points of spectral responses on each mango sample

Fig. S4. Length (a), width (b), and thick (c) axis of mango for measuring fruit size and surface area
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