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including bananas [4–6]. The firmness of bananas plays an 
important role in consumer acceptance, shelf-life, and over-
all marketability [7, 8]. This is because firmness is associ-
ated with freshness, ripeness, and eating quality. However, 
the progressive reduction in firmness accelerates ripening, 
increases susceptibility to pathogen invasion, and leads to 
significant postharvest losses [9, 10]. Changes in firmness 
during ripening are often accompanied by alterations in 
chemical composition, which in turn affect sensory attri-
butes, nutritional quality, and consumer appeal [11–14]. To 
mitigate firmness loss in bananas, various postharvest treat-
ments have been explored, including gaseous applications, 
physical treatments, and chemical agents [15–20].

Among postharvest technologies, edible coatings have 
gained increasing attention due to their biodegradability, 
ability to form semi-permeable barriers, and capacity to 
delay ripening by modulating gas exchange [14, 21–23]. 
Previous studies, including our own, have demonstrated 
that Opuntia ficus-indica mucilage (OFIM) can effectively 

Introduction

Fruit softening is an irreversible process caused by cell wall 
alterations due to the depolymerisation of cell wall poly-
saccharides [1–3]. These structural changes, particularly 
in cellulose organization and cell turgor, are closely asso-
ciated with firmness, a critical indicator of fruit quality, 

	
 Olaniyi Fawole
olaniyif@uj.ac.za

1	 Postharvest and Agroprocessing Research Centre, 
Department of Botany and Plant Biotechnology, 
University of Johannesburg, P.O. Box 524, Auckland Park, 
Johannesburg 2006, South Africa

2	 South African Research Chairs Initiative in Sustainable 
Preservation and Agroprocessing Research, Faculty of 
Science, University of Johannesburg, P.O. Box 524, P.O. Box 
524,  
Auckland Park, Johannesburg, Auckland Park, Johannesburg 
2006, South Africa

Abstract
This study explored the use of machine learning (ML) algorithms for the non-destructive prediction of banana firm-
ness under retail conditions, facilitating real-time quality assessment, optimising supply chain decisions, and improving 
postharvest management. Bananas were coated with the optimal formulation of Opuntia ficus-indica mucilage (OF) and 
stored at 23 ± 2 ℃ for 10 days. A factorial experimental design was employed, with edible coating and storage duration 
as primary factors. Banana parameters, including respiration rate, ethylene production, weight loss, and colour, were 
measured alongside firmness. Collected data was used to develop predictive models using ML techniques, namely Partial 
Least Squares (PLS) regression, Ridge regression, and Elastic Net regression. The results showed that banana firmness 
could be predicted using non-invasive attributes, with respiration rate and weight loss being the most influential predic-
tors. Among the models tested, PLS regression exhibited the highest predictive accuracy, with an R2 of 0.978, RMSE of 
0.097, MAE of 0.009, and R2-adjusted value of 0.940. Ridge regression followed closely (R² of 0.972, RMSE of 0.110, 
MAE of 0.012, and R²-adjusted of 0.922), while Elastic Net regression, though slightly less precise, still demonstrated 
strong predictive capability (R² = 0.956, RMSE = 0.142, MSE = 0.020, R²-adjusted = 0.801). This study also demonstrated 
that the application of an optimised Opuntia ficus-indica mucilage extended the shelf-life of bananas by four days. This 
approach allows real-time quality assessment, enhancing quality control, reducing postharvest losses, and improving 
inventory management in the fruit industry.

Keywords  Machine Learning Algorithms · Non-invasive Parameters · Edible Coatings · Predictive Power · Firmness

Received: 20 April 2025 / Accepted: 8 July 2025 / Published online: 12 July 2025
© The Author(s) 2025

Machine Learning-Based Prediction of Firmness in Coated Bananas 
Under Retail Conditions

Mawande Shinga1,2  · Yardjouma Silue1,2  · Olaniyi Fawole1,2

1 3

https://doi.org/10.1007/s11483-025-10001-y
https://orcid.org/0000-0002-7564-7947
https://orcid.org/0000-0001-5153-3518
https://orcid.org/0000-0001-5591-4633
http://crossmark.crossref.org/dialog/?doi=10.1007/s11483-025-10001-y&domain=pdf&date_stamp=2025-7-11


Food Biophysics (2025) 20:106

reduce banana firmness loss and extend shelf life [24]. 
OFIM also demonstrated its ability to form film, biodegrad-
ability, and effectiveness in modulating postharvest physiol-
ogy. However, the effectiveness of edible coatings depends 
strongly on their composition and physicochemical prop-
erties, which must be carefully optimised to improve their 
functional performance. To address this, we conducted a 
follow-up study to optimize the OFIM coating by adjusting 
the concentrations of pomegranate peel extract (PPE), cellu-
lose nanofiber (CNF), and glycerol. Each component plays 
a distinct role in enhancing the effectiveness of the coating 
in preserving banana firmness [25].

Given the importance of firmness in determining banana 
quality, traditional methods such as penetrometer and 
puncture tests are widely used for texture assessment [26]. 
However, these methods are inherently destructive, render-
ing the tested fruit unmarketable and contributing to food 
waste [27]. Consequently, the demand for non-invasive 
approaches has grown, particularly for large-scale quality 
control and supply chain optimisation [26, 28]. Several non-
destructive techniques, including ultrasonic, acoustic vibra-
tion, optical imaging, and electrical capacitance methods, 
have been explored for fruit firmness measurement [29, 
30]. However, these techniques are often limited by their 
accessibility, cost, and inability to predict firmness evolu-
tion over time, thereby restricting their practical applica-
tion in dynamic postharvest environments. As a result, fruit 
handlers frequently rely on manual inspection and subjec-
tive sorting, which are labour-intensive and inconsistent for 
large-scale commercial operations.

The emergence of artificial intelligence (AI) technolo-
gies, particularly machine learning (ML) algorithms, pres-
ents a promising alternative for advancing postharvest 
management strategies. Machine learning, a subset of AI, 
focuses on developing computational models that learn 
from data and make predictions without explicit program-
ming [31]. Various ML models, including artificial neural 
networks (ANN) [32], random forest (RF) [33], partial least 
squares (PLS) regression [28], support vector machines 
(SVM) [34], and Ridge regression [35], have been success-
fully applied in postharvest quality assessment. By integrat-
ing non-destructive measurements with machine learning 
algorithms makes it possible to predict firmness dynami-
cally, enabling data-driven decision-making and proactive 
intervention strategies. This approach enhances supply 
chain efficiency by optimising sorting, inventory manage-
ment, and quality control, ultimately reducing postharvest 
losses.

This study addresses the gap in predicting the firmness 
of edible-coated bananas using non-destructive attributes. It 
investigates the impact of an optimised OFIM-based edible 
coating on the banana quality and compares multiple ML 

models, enhanced by hyperparameter tuning, to identify 
the most accurate approach for firmness prediction under 
retail conditions. The findings aim to support scalable, non-
destructive postharvest monitoring strategies.

Materials and Methods

Fruit Material

Physiologically mature green banana (Musa spp) fruits 
(273 fingers) were transported from Umbhala Estates farm, 
Mpumalanga (25°25′48.7″ S; 31°57′00.5″ E), to the Post-
harvest and Agroprocessing Research Centre (26°11’3.9″ 
S, 27°59’45.9″ E), Johannesburg, South Africa. The fruit 
were visually inspected and sorted for defects, colour and 
size consistency. Subsequently, the bananas were disin-
fected with 0.1% sodium hypochlorite to eliminate potential 
contaminants.

Mucilage from Opuntia Ficus Cladodes Extraction

Cladodes sourced from the prickly pear orchard at Ubali 
Farm in Pretoria, Gauteng (25°38’31.9” S, 28°27’33.0” E). 
The mucilage was derived from mature cladodes of Opuntia 
ficus-indica according to the method described by Shinga 
and Fawole [24]. Briefly, the cladodes were peeled, cubed, 
and microwaved at 800 W for 4 min. Thereafter, the insolu-
ble fibres were removed using cheesecloth, and the remain-
ing liquid was centrifuged at 8000 x g for 15 min at 4 °C to 
obtain liquid mucilage. This mucilage was then freeze-dried 
for 72 h to form a powder, which was stored in a sealed con-
tainer in a cool, dry, and dark environment until further use.

Preparation of Pomegranate Peel Extracts (PPE)

The pomegranate peel extract was prepared according to 
the procedure described by Makhathini, Kaseke and Fawole 
[36]. Briefly, pomegranate peel powder (300 g) was mixed 
with 70% ethanol in a 1:3 w/v ratio. The mixture was soni-
cated in a Labotec ultrasound bath (Cape Town, Western 
Cape Province, South Africa) at 0 ℃ for 2 h at maximum 
power (700) and frequency (40 kHz). After sonication, the 
samples were filtered using Whatman filter paper No.1 and 
then centrifuged in a Thermo Fisher Scientific Biofuge 
centrifuge at 5590 x g and 4 ℃ for 5 min. This extraction 
process was repeated twice. The extracts were then concen-
trated to 9 º Brix using a BUCHI Rotavapor R-300 (Flawil, 
Switzerland) at 50 ℃ under reduced pressure (150 mbar) 
and stored at 4 ℃ with 95% RH until further analysis.
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Edible Coating Formulation, Optimisation and 
Application

To prepare the edible coating, mucilage powder extracted 
from Opuntia ficus-indica cladodes was mixed with dis-
tilled water to formulate 3% (w/v) mucilage. Pomegran-
ate peel extract (PPE; 1% (w/w)) and cellulose nanofiber 
(CNF 0.02% (w/v)) were further added. The mixture was 
continuously stirred on a magnetic plate set at 30 ℃ for 4 h 
and homogenized at 5000 rpm to ensure complete hydration 
and solubility. Glycerol (0.252% (v/v)) was then added as a 
plasticizer to the coating solutions. This coating formulation 
was carried out from our previous study based on the opti-
misation of CNF and glycerol on OFIM-infused PPE [25]. 
Furthermore, bananas were coated by dipping them in the 
optimised formulation (OFFIM) for 3 min, while the con-
trol group was dipped in distilled water and then dried at 
room temperature for approximately 1 h. Both coated and 
control groups were packed in ventilated plastic bags to 
simulate retail conditions, with each treatment having 3 rep-
licates and each replicate consisting of 7 bananas per stor-
age interval (21 bananas per treatment per storage interval). 
Bananas were then subjected to retail conditions (23 ± 2 ℃ 
with 85 ± 2% relative humidity).

Fruit Weight Loss

Seven randomly selected bananas per replicate per treat-
ment were weighed individually at the start of the storage 
experiment using an electronic scale, with initial weights 
recorded as Wi. The same bananas were then weighed every 
two days over a ten-day period, with each subsequent weight 
recorded as Wf. The percentage of weight loss (WL%) was 
calculated using the Eq. (1).

WL (%) = Wi − Wf

Wi
x 100� (1)

Peel Colour Attributes

Banana colour attributes were measured using a colourim-
eter in CIELAB coordinates (a* and b*). Before each read-
ing, the colourimeter was calibrated with a white calibration 
tile. At each sampling interval, colour measurements were 
taken from seven bananas per replication (two readings per 
fruit, once on each opposite side), amounting to 21 bananas 
per treatment. For each fruit, readings were taken on two 
sides, and the results were averaged per fruit.

Ethylene Production and Respiration Rate

The respiration rate and ethylene production were mea-
sured using the closed system method as Fawole and Opara 
[37] outlined. In brief, seven bananas were placed in a 3 L 
glass jar, sealed with a rubber septum lid, and kept at room 
temperature for 1 h. The carbon dioxide (CO2) production 
inside the jar was measured afterward using an infrared gas 
analyser. The respiration rate was expressed as mL CO2/ 
(kg.h). Ethylene production was measured with an SCS56 
ethylene analyser, with results reported as µL C2 H4 /(kg.h).

Firmness

Banana firmness was evaluated using a texture analyser 
fitted with a 5 mm diameter cylindrical probe. The probe 
penetrated the banana pulp to a depth of 5 mm at a speed 
of 1.0 mm/s. Measurements were taken around the central 
zone of banana pulp, and the maximum was recorded in 
Newtons (N).

Data Analysis

The data were subjected to statistical analysis using R with 
associated libraries to highlight the effectiveness of the 
optimised edible coating on fruit quality attributes. Statisti-
cal mean differences were shown using Student’s t-test at 
the 5% significance level. All experiments were performed 
in triplicate, and all physicochemical analysis data are 
expressed as the mean ± standard error.

Machine Learning Applications

Workflow Diagram

The workflow for predictive modeling of banana quality 
using machine learning algorithms is shown in Fig. 1. The 
process begins with the original dataset of banana quality 
metrics, followed by data pre-processing to prepare the data 
for analysis. An exploratory data analysis was then con-
ducted to understand the patterns and relationships within 
the data. The dataset is then split into training and testing 
sets (70/30). The training dataset is used to train the model, 
while the test dataset is used to evaluate the performance of 
the model. In this study, three machine learning algorithms 
(Partial Least Squares, Elastic Net regression, and Ridge 
regression) were applied to the training data.

Data Preprocessing

This operation included data cleaning and transformation. 
Hence, data were handled to identify and treat the missing 
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Partial Least Squares (PLS)

PLS regression was employed to model the relationship 
between non-invasive parameters and firmness, particularly 
due to multicollinearity among predictors. PLS regression 
offers a solution by reducing the predictor variables into a 
smaller set of uncorrelated latent variables, while preserving 
predictive accuracy. The model was optimised by tunning 
the number of latent components (n_components) within 
the range from 1 to n_features (number of features) using 
GridSearchCV of Scikit learn in Python. A 5-fold cross vali-
dation is applied to minimise the risk of overfitting, and the 
root mean square error (RMSE) was used to identify the 
optimal number of components across the validation fold.

Elastic Net Regression

Elastic Net regression was used to model the relationship 
between non-invasive attributes and firmness due to its abil-
ity to handle multicollinearity and perform variable selec-
tion. By applying Lasso and Ridge penalties Elastic net 
offers a balance between feature selection and coefficient 
shrinkage, making it well-suited for datasets with highly 
correlated predictors. GridSearchCV from the scikit-learn 
library in Python was employed to optimise hyperparam-
eters of the model. The grid search explores an array of 
values for regularisation strength alpha (0.1, 1, 10) and the 

data and outliers. The predictors used in this study were 
storage time (X1), weight loss (X2), respiration rate (X3), 
ethylene production (X4), greenness (X5), and yellowness 
(X6). Given that these features have different units, data 
were normalised for models considering multiple features 
to affect them the same importance, using the Minmax nor-
malisation method according to the following Eq. (2) [38].

xN = x − xmin

xmax − xmin
� (2)

Models’ Implementation for Predicting Firmness

Simple Linear Regression

Simple linear regression uses the equations for a line to 
model the relationship between variables. If y is the out-
come variable and x is the predictor variable, then

Y = kx + c� (3)

where k is a coefficient that represents the slope of the lin-
ear relationship between the variables x and y, and c is a 
constant.

Fig. 1  The workflow for predictive modeling of banana quality using machine learning algorithms
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RMSE =
√

1
n

∑n

i=1
(yi − ŷi)2� (5)

yi= Actual value of the dependent variable
ŷi = Predicted value of the dependent variable
n = Number of observations.

Mean Squared Error (MSE)

MSE represents the average of squared errors between the 
predicted and actual values. It is also a reliable metric since, 
like RMSE, it penalizes larger errors than smaller ones. 
However, it is difficult to read in the original data units 
without the square root. MSE is calculated using the Eq. (6), 
described by Chicco et al. [41]

MSE = 1
n

∑n

i=1
(yi − ŷi)2� (6)

yi= Actual value of the dependent variable
ŷi = Predicted value of the dependent variable
n = Number of observations.

R2-Adjusted

Adjusted R-squared adjusts the R2 value according to the 
number of predictors in the model. It is particularly useful 
for comparing models with different numbers of features. It 
is obtained using the Eq. (7).

R2
adj = 1 −

(
(1 − R2)(n − 1)

n − p − 1

)
� (10)

R2 = R-squared of the model.
n = Number of observations.
p = number of independent variables (predictors).

Results and Discussion

Weight Loss and Firmness

Weight loss is a crucial indicator of fruit quality and shelf 
life, as it reflects moisture loss due to respiration and tran-
spiration [42, 43]. Excessive weight loss leads to shrivelling, 
reduced consumer appeal, and faster senescence, making it a 
key post-harvest parameter to monitor. Figure 2A illustrates 
the weight loss trends for control (uncoated) and OF-coated 
bananas throughout the storage period. The results showed 
that the weight loss increased progressively in both treat-
ments as storage time advanced. However, a significantly 
higher weight loss (p < 0.001) was observed in the control 

L1 ratio (0.1, 0.5, 0.7, 0.9, 0.95, 0.99, 1.0). A 5-fold cross 
validation is used to prevent overfitting and ensure the mod-
el’s robustness. The root mean square error (RMSE) was 
used on validation to identify the optimal combination of 
parameters.

Ridge Regression

Ridge regression was applied to model the relationship 
between non-destructive asttributes and firmness, primar-
ily to address multicollinearity among predictors. By intro-
ducing an L2 regularization term, Ridge regression shrinks 
correlated coefficients, stabilising the model. The Ridge 
regression model was optimised by tuning the regularisation 
parameter (alpha) using GridSearchCV. An array of values 
was tested (0.05, 1, 10, 100, 100), and the model perfor-
mance was evaluated through cross validation technique (5 
sets). The root mean square error (RMSE) was used to select 
the optimal alpha.

Evaluation of Models’ Performances

The performance metrics used to assess the models’ perfor-
mances in this study included R-squared (R2), Root Mean 
Square Error (RMSE), Mean Squared Error (MSE), and 
R2-adjusted.

R-Squared (R2)

The R-squared was calculated using Eq.  4 to express the 
proportion of the total variance in the experimental data that 
can be explained by the model. It varies from 0 to 1, with 
high values indicating a better fit [39].

R2 = 1 −
∑n

i=1 (yi − ŷi)2

∑n
i=1 (yi − y)2 � (4)

yi= Actual value of the dependent variable
ŷi = Predicted value of the dependent variable
−
yi = Mean of the actual dependent variable values

n = Number of observations.

Root Mean Square Error (RMSE)

The RMSE measures the average magnitude of the errors 
between predicted and actual values. It measures the accu-
racy of the model by taking the square root of the average of 
squared differences between predictions and actual observa-
tions. It is given by the Eq. (5), according to Wengang et al. 
[40].
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all of which contribute to the softening of fruits during rip-
ening [48]. By mitigating these physiological changes, the 
coating effectively maintained the fruit’s structural integrity 
and prevented premature softening. This finding aligns with 
previous studies that demonstrated the efficacy of edible 
coatings in delaying ripening-related changes in tropical 
fruits [14, 24].

Banana Peel Colour

The greenness parameter (a*) is an important indicator of 
banana ripening, as the fruit transitions from green to yel-
low due to chlorophyll degradation and carotenoid accumu-
lation [49]. As ripening progresses, the a* value increases, 
reflecting the loss of green pigments [50, 51]. Figure  3A 
illustrates that control bananas exhibited a rapid decline in 
greenness, with a* values becoming positive after six days 
of storage, indicating full ripening and complete chlorophyll 
breakdown.

In contrast, the treated bananas-maintained fruit green-
ness for a significantly longer period (p < 0.001), suggesting 
a delayed transition n in a* values from day 2 to day 6. This 
suggests that the coating markedly slowed down chloro-
phyll degradation, preserving the green colour of bananas 
and delaying visual ripening symptoms. The preservation 
of greenness indicates that the coating’s barrier properties 
reduced gaseous exchange, particularly oxygen exposure, 

bananas than in the coated fruits, particularly after four days 
of storage. The superior performance of the OF coating in 
minimizing weight loss can be attributed to its barrier-form-
ing properties, which effectively reduce moisture evapora-
tion by slowing transpiration and respiration rates [25]. This 
delayed dehydration and maintained the integrity of the 
fruit’s peel, contributing to an extended shelf life. Addition-
ally, the reduction in weight loss suggests that the coating 
formulation created a semi-permeable layer that regulated 
gas exchange, thereby preserving the freshness and market-
ability of bananas for a longer duration.

Firmness is another critical postharvest attribute influenc-
ing consumer perception, transportation stability, and over-
all fruit quality [29, 44, 45]. Figure 2B shows the changes 
in firmness over the 10-day storage period. Firmness loss 
is closely linked to ripening, during which cell wall deg-
radation, enzymatic activity, and water loss contribute to a 
softer texture [46, 47]. The results indicate that control fruits 
experienced a rapid decline in firmness, dropping from 40 N 
to approximately 10 N within six days, whereas OF-coated 
bananas retained significantly higher firmness throughout 
the storage period. Statistical differences were observed 
between the treatments from 2 d to 6 d (p < 0.001), high-
lighting the strong protective effects of the edible coating 
in delaying firmness loss and preserving textural integrity.

The coating likely preserved firmness by modulating res-
piration rate, ethylene production, and moisture retention, 

Fig. 2  Changes in weight loss (A) and firmness (B) of bananas over a 
10-day storage period at 23 ± 2 °C and 85 ± 5% RH. OF: optimal for-
mulation of Opuntia ficus-indica mucilage. Asterisks indicate statisti-

cally significant differences between control and OF-treated bananas 
at each time point: *** denotes p < 0.001(highly significant), while * 
denotes 0.01 ≤ p < 0.05 (significant)
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Respiration Rate and Ethylene Production

The respiration rate is a fundamental metabolic process 
of fruit, which generally increases with ripening, leading 
to faster senescence and spoilage [54]. Therefore, control-
ling the respiration rate is critical for extending fruit shelf 
life. In this study, the respiration rate increased progres-
sively in both treatments over the 10-day storage period 
(Fig. 4A). However, control fruits exhibited a significantly 
steeper increase in respiration rate compared to coated fruits 
(p < 0.001), indicating accelerated metabolic activity and 
ripening in the uncoated samples. This suggests that the 
OF coating effectively delayed ripening by modifying the 
fruit’s immediate atmospheric conditions. Edible coatings 
are known to create a semi-permeable barrier that regulates 
gas exchange, reducing oxygen availability while increas-
ing carbon dioxide levels. This modified microenvironment 
slows down enzymatic activities associated with respiration 
and ripening [48]. The slower respiration rate observed in 
coated fruits is, therefore, likely due to reduced oxygen dif-
fusion and a suppressed metabolic response, effectively pro-
longing freshness and delaying senescence.

Ethylene production is another key factor influencing fruit 
ripening, as this plant hormone serves as a ripening trigger 
in climacteric fruits such as bananas [55]. Elevated ethylene 
levels accelerate physiological changes, including increased 
respiration, firmness loss, starch-to-sugar conversion, and 

which is known to accelerate oxidative degradation of chlo-
rophyll. These findings align with previous studies report-
ing that edible coatings can delay chlorophyll breakdown 
by modulating oxygen and ethylene exchange [13, 48, 52]. 
Alongside chlorophyll degradation, the development of 
yellow pigmentation (b*) is another key ripening indica-
tor, reflecting the synthesis of carotenoids [50]. As shown 
in Fig. 3B, yellowness (b*) progressively increased in con-
trol and coated bananas, but the coated bananas exhibited a 
significantly slower increase in b* values compared to the 
control at all storage intervals (p < 0.001). This suggests that 
the mucilage-based coating effectively slowed the unmask-
ing of yellow carotenoids, thereby delaying the ripening 
process.

The delayed colour changes observed in coated bananas 
can be attributed to the coating’s ability to regulate gaseous 
exchange, particularly ethylene production, which is a key 
driver of colour transformation during banana ripening [13, 
52]. Ethylene is known to activate chlorophyll degradation 
through chlorophyllase enzyme activity, accelerating the 
yellowing process [13]. Moreover, previous studies suggest 
that chlorophyll degradation and pectin solubilization occur 
concurrently, as both processes are ethylene-dependent [51, 
53]. This is consistent with the present study, where bananas 
that exhibited lower greenness loss (delayed increase in a* 
values) also maintained higher firmness over time.

Fig. 3  Changes in greenness (a*) (A) and yellowness (b*) (B) of 
bananas over a 10-day storage period at 23 ± 2  °C and 85 ± 5% RH. 
OF: optimal formulation of Opuntia ficus-indica mucilage. Asterisks 

indicate statistically significant differences between control and OF-
treated bananas at each time point: *** denotes p < 0.001(highly sig-
nificant), while * denotes 0.01 ≤ p < 0.05 (significant)
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these underlying patterns, we conducted a correlation anal-
ysis between firmness and key non-destructive predictors. 
The results, presented in Fig.  5, demonstrated the strong 
linear relationships between all measured parameters. All 
predictors, including weight loss, respiration rate, ethyl-
ene production, and colour attributes (greenness and yel-
lowness), exhibited strong positive correlations with each 
other while showing negative correlations with firmness, 
the target variable. This trend confirms that as bananas 
ripen, respiration rate, ethylene production, weight loss, and 
yellowness (b) increase, whereas firmness and greenness 
(a) progressively decline [13, 24, 48]. The strongest cor-
relations were observed between firmness and weight loss 
(-0.97), respiration (-0.95), greenness (-0.96), and yellow-
ness (-0.94), indicating that these non-destructive indicators 
are highly predictive of textural changes during ripening.

These findings support the feasibility of using non-
destructive quality attributes for predicting banana firmness 
with high accuracy. The observed correlations align with 
previous studies, which highlight the role of respiration rate 
and ethylene production in accelerating ripening-related 
changes in firmness and colour [13, 24]. Additionally, the 
presence of strong correlations suggests a degree of mul-
ticollinearity among the predictors, which influences the 
selection of suitable machine-learning models for predic-
tive analysis. The scatterplot matrix in Fig. 5 highlights the 
interdependence of these parameters and their significant 

colour transitions [56]. While ethylene-induced changes can 
enhance aroma and sugar accumulation, they also promote 
rapid softening and increased susceptibility to microbial 
decay. Thus, controlling ethylene production is essential for 
extending storage life and maintaining fruit quality during 
postharvest handling. Figure 4B illustrates the ethylene pro-
duction trends over 10 days of storage. Both control and 
coated bananas exhibited increased ethylene levels, how-
ever, the control fruits showed a significantly higher ethyl-
ene peak from day 2 to day 6 (p < 0.001), correlating with 
accelerated ripening. In contrast, coated bananas maintained 
lower ethylene production throughout storage, indicating 
that the OF coating effectively suppressed ethylene synthesis 
or limited its diffusion. These findings align with previous 
studies, which report that edible coatings reduce ethylene 
biosynthesis by limiting oxygen availability and decreasing 
internal ethylene concentrations [13, 24]. By lowering both 
respiration and ethylene production rates, the mucilage-
based coating delayed the metabolic processes responsible 
for fruit softening, weight loss, and colour changes.

Features Correlation

Since the quality attributes investigated in this study are 
closely associated with the ripening process, understand-
ing their interrelationships provides critical insights into the 
mechanisms governing banana firmness loss. To explore 

Fig. 4  Changes in respiration rate (A) and ethylene production (B) of 
bananas over a 10-day storage period at 23 ± 2  °C and 85 ± 5% RH 
OF: optimal formulation of Opuntia ficus-indica mucilage. Asterisks 

indicate statistically significant differences between control and OF-
treated bananas at each time point: *** denotes p < 0.001(highly sig-
nificant), while * denotes 0.01 ≤ p < 0.05 (significant)
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from the fruit. This directly helps in retaining fruit firmness, 
as dehydration is a major cause of texture decline [57, 58].

Respiration rate also correlated with firmness loss, with 
slightly steeper slopes observed in the control (-1.70) versus 
coated (-1.66) samples, suggesting that the coating moder-
ated respiration-induced softening. In contrast, ethylene pro-
duction showed nearly identical slopes for both treatments 
(control = -5.15; coated = -5.20), underscoring its central 
role in ripening and cell wall breakdown. This is consistent 
with a high negative correlation (r = -0.88, Fig.  5). Prior 
studies have suggested that edible coatings slow respiration 
and inhibit ethylene synthesis, both of which are key drivers 
of ripening and softening in climacteric fruit [59, 60].

Colour changes were similarly associated with firm-
ness decline. The loss of greenness (a*) showed a stronger 
impact in the control group (slope = -2.08) than in coated 
fruit (-1.90), suggesting delayed chlorophyll degrada-
tion. Increasing yellowness (b*) was also linked to firm-
ness reduction, reinforcing the connection between visual 
ripening and texture softening. Predictive equations and 

influence on banana firmness over time. This further justi-
fies the use of multivariate regression-based models, such 
as Partial Least Squares (PLS) regression, Ridge regression, 
and Elastic Net regression, which appropriately handle col-
linear features in predictive modelling.

Regression Plot

Figure  6 presents the regression plots depicting the rela-
tionship between firmness and weight loss, respiration rate, 
ethylene production, greenness, and yellowness, across 
the 10-day storage period for both control and OF-coated 
bananas. Firmness declined progressively in both treat-
ments, with a steeper reduction in the control group (slope = 
-4.98) compared to coated bananas (slope = -2.86), indicat-
ing the coating’s effectiveness in delaying softening by min-
imising moisture loss and metabolomic activity. Previous 
studies have suggested that edible coatings act as barriers to 
water vapour, reducing transpiration, subsequent water loss 

Fig. 5  Correlation matrix showing the relationships between firmness 
and non-destructive parameters (days, weight loss, respiration rate, 
ethylene production, greenness, and yellowness) over a 10-day storage 

period at 23 ± 2 °C and 85 ± 5% RH for control and coated bananas. 
The asterisks indicate significance levels: *** (p < 0.001; highly 
significant)
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highest predictive accuracy, achieving an R² value of 0.978. 
This indicates that 97.8% of the variance in banana firm-
ness was explained by the model, making it slightly superior 
to Ridge Regression (R² = 0.972). Elastic Net Regression 
exhibited the lowest R² value of 0.956, accounting for 95.6% 
of the variance in the dependent variable. These findings 
confirm that PLS Regression outperformed the other models 
across all performance metrics, highlighting its suitability 
for firmness prediction. The robustness of PLS regression 
is likely attributed to its ability to handle multicollinear-
ity among predictors while capturing latent structures that 
explain variance in both independent and dependent vari-
ables. This feature makes it particularly effective when deal-
ing with datasets containing highly correlated predictors, as 
observed in this study. Moreover, Given the complex and 
potentially noisy nature of physicochemical data collected, 
PLS’s dimensionality reduction and emphasis on covariance 
likely contributed to its effectiveness.

The superior predictive performance observed in this 
study aligns with previous research utilizing PLS Regres-
sion for fruit firmness prediction. For instance, Dias et al., 

performance metrics for firmness estimation based on these 
attributes are provided in Table S1 (Supplementary Data).

Multiple Linear Regression

Table 1 presents the performance metrics of three machine 
learning algorithms, including Ridge regression, Partial 
Least Square (PLS) Regression, and Elastic Net Regres-
sion. The best-performing model was selected based on the 
coefficient of determination (R2), Root Mean Square Error 
(RMSE), Mean Squared Error (MSE), and R2-adjusted. 
Among the tested models, PLS Regression demonstrated the 

Table 1  Performance comparison of machine learning algorithms for 
predicting firmness using regression metrics
Machine Learning Algorithms Performance metrics

R2 RMSE MSE R2-adjusted
Ridge Regression 0.972 0.110 0.012 0.922
PLS Regression 0.978 0.097 0.009 0.940
Elastic Net 0.956 0.142 0.020 0.801
R2: Coefficient of determination; RMSE: Root Mean Squared Error; 
MSE: Mean Squared Error; MAE: Mean Absolute Error

Fig. 6  The relationship between firmness and non-destructive param-
eters days (A), weight loss (B), respiration rate (C), ethylene produc-
tion (D), greenness (E), and yellowness (F) of bananas over a 10-day 

storage period at 23 ± 2  °C and 85 ± 5% RH for control and optimal 
formulation of Opuntia ficus-indica mucilage (OF)
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them overall. These findings highlight the potential of com-
bining optimised edible coatings with machine learning 
models to enhance fruit shelf life, improve quality control, 
and reduce postharvest losses in the banana industry. The 
ability to predict firmness using non-destructive attributes 
offers a practical, real-time solution for postharvest man-
agement, supporting data-driven decisions to maintain fruit 
freshness, reduce waste, and optimise supply chain logis-
tics. Moreover, the natural biobased coating materials used 
in this study hold potential for adaptation in cosmetic and 
pharmaceutical applications, such as biodegradable packag-
ing, controlled release systems. Although these models pre-
dict accurately the banana firmness using non-destructive 
attributes, some limitations must be acknowledged. The 
relatively small data might reduce the generalisation of our 
findings. In addition, the controlled laboratory conditions 
may not completely reflect the complexity of real-world 
(packhouse) and environmental conditions. Therefore, to 
provide a practical and real-time solution for postharvest 
management of bananas, further research could consider 
a larger dataset across multiple cultivars and seasons col-
lected from real-world supply chains.
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[28] applied PLS Regression to develop a mathematical 
model for predicting pear firmness, which accounted for 
89% of the variance in firmness. This prediction accuracy 
was lower than that achieved in the current study (R² = 
0.978), suggesting that the selected non-destructive predic-
tors provided a more comprehensive assessment of firmness 
in bananas. Similarly, a study by Ivanovski et al., [61] eval-
uated different machine learning algorithms for predicting 
peach firmness, reporting an MSE value of 0.67 for simple 
linear regression, 0.63 for multiple linear regression, and 
0.65 for artificial neural networks. In contrast, our study 
achieved a significantly lower MSE value, with the highest 
observed at 0.142, further demonstrating the effectiveness 
of the selected machine learning approaches. Additionally, 
Ljubobratović et al., [62] used a black-box machine learn-
ing approach to predict apple firmness, achieving an accu-
racy of 97.5% on test data, which is closely comparable to 
the performance observed in this study. Chen et al., [63] 
achieved high accuracy in predicting the firmness of yel-
low flesh peach firmness by integrating acoustic and Vis/
NIR spectroscopy techniques, reporting R2 of 0.951 and 
RMSE of 0.443. Moreover, a study by Wang, Feng, Ji and 
Cui [64] employed an excitation source combined with a 
modified one-dimensional convolutional neural network 
(1D-CNNm) algorithms to predict peach firmness, yielding 
only moderate predictive performance, with R2 of 0.794.

The high predictive accuracy achieved in this study high-
lights the potential of machine learning-based models for 
non-invasive firmness prediction in bananas. This study 
demonstrated the practical application of machine learning 
models to accurately predict banana firmness under retail 
conditions using an optimised edible coating. These findings 
not only advance the scientific understanding of postharvest 
preservation but also pave the way for industrial-scale inte-
gration of intelligent quality monitoring systems. The food 
industry could benefit from predictive modelling to enhance 
shelf-life management and reduce postharvest losses.

Conclusion

This study demonstrated that the OF effectively delayed 
banana fruit ripening, extending the shelf life by four 
days. All non-destructive attributes exhibited strong posi-
tive correlations with each other while showing an inverse 
relationship with firmness. These findings confirm that 
these parameters are reliable indicators of firmness and 
can be effectively used for the non-destructive prediction 
of banana ripeness. Among the machine learning models 
tested, PLS Regression emerged as the best-performing 
model. Ridge Regression and Elastic Net Regression also 
showed good performance, however, PLS outperformed 
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