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ABSTRACT: Accurately determining the optimal post-harvest storage period is still a major challenge in mango
processing, especially for the Tom EJC (TEJC) variety, due to reliance on subjective visual evaluations, leading to
inconsistent product quality and increased post-harvest losses. This study presents an artificial intelligence-based
framework combining computer vision and physicochemical analysis to objectively predict the optimal post-harvest
storage period of TEJC mango before processing. TEJC mangoes of grade one were stored for eight days at 24-28°C
temperature and 66.4-80% relative humidity. Daily measurements of pH, Total Soluble Solids (TSS), firmness, and peel
color parameters (L*, a*, b*) were evaluated along with an image dataset of 5760 photos taken under variable lighting.
Image data were then combined with numerical quality parameters to train and evaluate a deep learning model
based on a fine-tuning architecture of ResNet50V2 for the classification of multi-class ripeness stages. The model
achieved 66.96% of training and 62% testing accuracy, demonstrating the feasibility of integrating computer vision
and physicochemical parameters for preliminary multi-class ripeness classification under non-uniform real-world
conditions. The ripening trends were reflected in increasing TSS and pH values and declining fruit firmness. Among
peel colour parameters, a* was strongly associated with ripening advancement. The findings underscore the potential
of deep learning tools as non-destructive decision-support systems for post-harvest mango processing. The proposed
framework serves as a proof-of-concept demonstrating its potential applicability in real-world scenarios. Nevertheless,
the dataset used in this study enabled proof-of-concept evaluation; it represents a potential limitation for deep learning
models, which typically benefit from larger and more diverse training sets.

KEYWORDS: Artificial Intelligence (AI); CNN model; deep learning; smart post-harvest management; TEJC mango

1 Introduction

Mango (Mangifera indica L.) is among the most economically significant tropical fruits globally, valued
for its distinctive flavour, nutritional value, and applicability in processed food. Mangoes exhibit noticeable
colour changes during ripening, transitioning from green to various shades depending on the cultivar, due
to chlorophyll degradation and the emergence of pigments like carotenoids and anthocyanins [1,2]. Key
quality parameters of mangoes, including firmness, Total Soluble Solids (TSS), and pH, undergo notable
changes after harvesting [3]. Economically, mango cultivation and processing offer a significant source of
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income, especially in the tropical and subtropical regions, where it is one of the most cultivated fruits in the
world [4-6]. Economic profitability in mango cultivation is often undermined by excessive post-harvest
losses due to improper ripeness assessments and storage practices, leading to inconsistent product quality,
more waste, and higher labour costs [2,7,8]. Addressing these economic challenges is critical to guaranteeing
profitability and livelihoods, particularly among small-scale farmers.

Harvesting mangoes at the correct time is highly important [9-11]. Harvesting either too early or too
late disrupts normal ripening. This can adversely affect the flavour development, uneven texture, and reduce
the shelf life. To date, many farmers rely on visual appearance and personal experience when determining
harvest time, which results in inconsistent end quality [2,12-14]. In addition, post-harvesting is always
challenging [15-17]. Improper temperature and humidity controls are two major factors affecting the
mango quality during transportation and storage. The combined effects would enhance the physiological
deterioration, thus increasing the fruit damage.

Mangoes are one of the principal fruit crops in Sri Lanka that supply inputs to both local and export
markets [18,19]. The post-harvest loss of mangoes in Sri Lanka was put at 17 to 36%, which disturbs the
supply of fresh mangoes to the consumer and also the economic sustainability of mango production in
the country as a whole [20,21]. When considering the Tom EJC (TEJC) variety, it is one of the many
mango cultivars, most renowned for its exceptional flavor, texture, and aroma. However, as with many
mango cultivars, it is highly perishable with a comparatively short shelf life owing to its rapid ripening
nature and proneness to microbial spoilage [22]. Technological breakthroughs such as image processing
and Artificial Intelligence (AI) pose solutions to above stated issues related to mango harvesting and
post-harvesting [23-25]. As pointed out by Prabhu et al. [23], throughout industrial processing, the visual
quality of the fruit is monitored by a combination of human supervision and computer vision technology
to ensure optimal levels of production. Computerized systems must accurately grade mangoes according to
their stage of ripeness, regardless of orientation. Since mangoes lack uniform coloration, assessing ripeness
using overall colour features is challenging. Instead, localized colour features from decomposed pieces are
utilized to enhance precision and effectiveness [23].

Over the past decades, it has been significant in agriculture, where it aids in improving productivity
by analyzing images in real time. Image processing is about capturing images and processing them
to obtain useful information and other significant parameters, making agriculture more efficient and
well-informed [26]. Specifically, deep learning platforms such as Convolutional Neural Networks (CNN)
significantly contribute to fruit quality assessments, ensuring more objective, faster, and more accurate
reviews [27].

Besides, Artificial Intelligence (Al) is increasingly used in agriculture to forecast the shelf life and
quality of fruits based on massive data sets to build and develop robust prediction models [28,29]. The
mango processing industry, however, usually experiences difficulties related to determining optimal ripeness
and storage duration, primarily due to reliance on subjective visual inspections. The resulting consequences
of these procedures could be inconsistent product quality, waste accumulation, and high labor costs, as
discussed above. The integration of Al technology, particularly image processing and machine learning
techniques, in identifying the optimal storage period for TEJC mangoes presents significant opportunities
for improving post-harvest management practices. To fully utilize these technologies for improving the
quality and shelf life of TEJC mangoes, several knowledge gaps must be filled.

Therefore, the objective of this study was to develop and evaluate a proof-of-concept Al-based
framework that integrates image-derived features with physicochemical parameters (pH, TSS, firmness, and
peel colour) to classify post-harvest ripening stages of TEJC mangoes under ambient storage conditions.
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Unlike previous studies that relied solely on visual features or single quality indicators, this work combines
non-destructive image analysis with laboratory-validated ripening metrics for a specific cultivar and origin,
thereby contributing cultivar-specific insights into Al-assisted post-harvest quality assessment.

Aligning with the United Nations Sustainable Development Goals (SDGs), namely SDG 2 (Zero Hunger),
SDG 8 (Decent Work and Economic Growth), SDG 12 (Responsible Consumption and Production), and
SDG 13 (Climate Action), the proposed model anticipates drastically reduced food waste, improved utilization
of resources, and reduced climate footprint Despite initial high capital costs, the model provides significant
long-term economic and environmental savings, promoting sustainable farming practices and resilience.

2 Materials and Methods
2.1 Sample Collection and Experimental Design

TEJC mangoes were sourced from CIC Agribusiness (Pvt) Ltd., located at Pelwehera, Dambulla, Sri
Lanka (coordinates 7°53/34.05” N, 80°40’58.44’’ E). The mango trees from which the fruits were harvested
were planted in May 2016 and were located in Orchard/Block No. 1. Harvesting was done after four years
of planting. This study focused on the first grade of TEJC mangoes, which typically weigh above 600 g,
have smooth skin, and show no dark spots. The study was conducted using two batches of TEJC mangoes.

A day after harvesting, TEJC mangoes were sourced from CIC Agribusiness, Sri Lanka, and transported
to the laboratory under ambient conditions. Upon arrival, the mangoes were visually inspected to ensure
uniformity in size, shape, and the absence of physical damage. Each batch contained 48 mangoes, making
a total of 96 mangoes used for the experiment. It is acknowledged that this sample size, while sufficient
for a controlled proof-of-concept study, represents a limitation with respect to the generalizability of deep
learning model outputs; future work employing a larger and more diverse mango population would improve
model robustness. Six replicates of mangoes were taken per day for image capturing and physicochemical
analyses. All the mango fruits were labeled according to their replicates and date for tracking them precisely
over the study duration. A preliminary trial was carried out before carrying out the actual experiment
to check the ripening pattern of the mangoes and the storage period. The TEJC mangoes were stored in
two batches, with each batch stored for 8 days. The storage conditions maintained a temperature range of
24-28°C and an RH range of 66.4-80%. Preliminary comparison of physicochemical trends between the
two batches showed similar ripening patterns. Therefore, data from both batches were pooled for analysis.

2.2 Physicochemical Analysis

During storage, mangoes were analyzed regularly to assess changes in weight, pH, total soluble solids
(TSS), firmness, and peel color. Additionally, relative humidity (RH) and temperature readings were recorded
daily using the psychrometer to monitor environmental conditions. Each mango was individually placed on
the weighing balance (Gram EK—Compact Precision Laboratory and Quality Balance), and the weight (in
grams) was recorded once the reading stabilized. To ensure accuracy, the balance was positioned on a flat,
vibration-free surface to prevent fluctuations. Mangoes were handled carefully to avoid moisture loss or
physical damage before weighing. Upon receiving a batch, the initial weight of each mango was recorded.
Subsequently, the final weight was measured daily before taking other measurements to monitor weight
changes throughout the ripening period. The weight loss percentage was calculated using the following

Eq. (1).

Initial Weight — Final Weight y
Initial Weight

Weight Loss (%) = 100 (1)
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The outer peel color of the mango was measured without any modifications to the fruit surface to
ensure accurate reading. Before each use, the colorimeter (Colorimeter PCE-CSM 1) was calibrated using a
white standard calibration plate. The device was then placed directly on the mango surface, ensuring full
contact with the peel for precise measurement. The L* (lightness), a* (red-green), and b* (yellow-blue) values
were recorded from the colorimeter. To account for color variations, readings were taken at 30 different
points on each mango. Additionally, consistent lighting conditions were maintained throughout the study
to minimize discrepancies in color measurement.

Mangoes were placed on a flat, stable surface to ensure accurate firmness measurements. The fruit
hardness tester probe [5000 g x 1 g Precision Fruit Sclerometer (Fruit Hardness Tester, Model: FR-5105)]
was gently pressed against the mango peel, and a standardized force was applied until the probe penetrated
the mango. The firmness value, expressed in Newtons (N), was recorded. To ensure consistency and obtain
reliable data, measurements were taken at 30 different points on each mango. The device was reset to zero
after each reading to maintain accuracy and prevent measurement errors.

A small portion of mango pulp was extracted using a muslin cloth and placed on a watch glass for pH
measurement. From each mango, 15 pieces were cut from each side, homogenized, and pulp was extracted,
making a total of 30 pieces per fruit to ensure a representative sample. Before the measurement, the pH
meter (Extech PH100 pH meter) was calibrated using standard buffer solutions (pH 4.0, 7.0, and 10.0). The
electrode of the pH meter was then immersed in the mango pulp sample, and the pH reading was recorded
once the value stabilized. To maintain accuracy, the electrode was cleaned with distilled water before and
after each measurement. All measurements were conducted at room temperature to ensure consistency
across samples.

A small portion of mango pulp was squeezed to extract the juice. The extracted juice was then filtered
using a muslin cloth to remove any solid particles. Before measurement, the pocket refractometer [digital
Brix meter—MINT IN BOX—ATAGO Pocket Refractometer, PR-1 (0-32% Brix Range, 9 V)] was calibrated
using distilled water. A few drops of the filtered mango juice were carefully placed on the sample plate of
the Brix meter. The Brix value (%), which indicates the total soluble solids (TSS) content, was read from the
digital display and recorded. To prevent contamination and ensure accuracy, the sample plate was cleaned
with distilled water after each measurement. Additionally, all readings were taken at a consistent room
temperature to maintain reliability.

2.3 Image Capturing and Dataset Preparation

Mango fruit images were collected across eight ripening stages under controlled lighting conditions to
ensure consistency in visual quality. Each fruit sample was photographed using a fixed camera setup to
minimize variations caused by distance, illumination, and background noise. Images were stored according
to their corresponding ripening stage labels, which ranged from Stage 1 (immature) to Stage 8 (fully ripened).

Each captured image was paired with physicochemical measurements obtained from laboratory testing.
The recorded parameters included color measurements (L*, a*, b* values), fruit firmness (Newton), total
soluble solids (TSS measured in Brix), and pH level. These values were stored in structured CSV files and
mapped to the corresponding image file names to ensure accurate data association.

All images were resized to 224 x 224 pixels and normalized by scaling pixel values between 0 and
1 prior to model training. This preprocessing ensured compatibility with the pre-trained convolutional
neural network architecture and improved training stability.
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2.4 Dataset Splitting Strategy

The dataset was divided into training and testing subsets using predefined folder structures
and corresponding CSV annotation files. The training dataset consisted of images and associated
physicochemical parameters used to train the model, while the testing dataset was used exclusively for
performance evaluation.

Each dataset contains:

1. Image files organized by ripening stage folders.
2. Excel file linking image filenames with physicochemical measurements and stage labels.

During training, batches were generated dynamically using a custom data generator to simultaneously
feed image data and regression targets into the model. The testing dataset followed the same structure but
was used only for validation and performance assessment.

Date set folder structure
Train
images
Stagel
ST 1 IMG_1.jpg
Stage2
ST 2 IMG 2.jpg

Stage3

train xlsx > link to Image using name and

respective physicochemical values

Test
images
Stagel
ST 1 IMG_1.jpg
Stage2
ST 2 IMG 2.jpg
Stage3
ST 3 IMG 3P
train xlsx > link to Image using name and
respectivephysiochemical vales
2.5 Model Architecture

The proposed system uses a transfer learning approach based on the ResNet50V2 deep convolutional
neural network pre-trained on the ImageNet dataset. The base convolutional layers were utilized for feature
extraction, while the fully connected classification layers were removed.

The implemented model is a multi-output deep learning architecture but operates using a single input
modality (image input). The extracted deep image features are used to perform two simultaneous tasks:

+  Classification Task: Predicting mango ripening stages using a Softmax output layer.
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+  Regression Task: Predicting physicochemical properties including L*, a*, b*, firmness, TSS, and pH
values using a linear activation layer.

The model structure allows shared feature learning, where visual features extracted from images are
used for both classification and regression output simultaneously.

2.6 CNN Model Development

The required resources for the coding process included Google Colab as the coding platform, with
Python as the programming language. The libraries utilized were TensorFlow, Keras, NumPy, OpenCV,
ImageDataGenerator, and Matplotlib.

In this research study, the technique of rescaling was utilized as a preprocessing step for the model.
This involved multiplying the input data by a certain value before any other processing. The original
images were in the RGB color space with coeflicient values ranging from 0 to 255. However, such values
were deemed unsuitable for processing by their models, given a typical learning rate. Thus, the values were
scaled between 0 and 1 by multiplying them by a factor of 1/255. This allowed the models to effectively
process the images and achieve more accurate results with model convergence and training stability. The
images were resized to (224,224,3) and used a CNN model named ResNet50V2, which was a pre-trained
model to classify and train the images by removing the top layers of the CNN model (top = false). This
classified the trained images into 8 stages and gave the output of classification and numerical values of the
6 data values collected.

Convolutional Neural Networks (CNNs) are a type of neural network designed for image recognition
and processing, inspired by the human visual cortex. They use small filters to extract features like edges
and textures, which are then processed through multiple layers to identify complex patterns [30]. This
structure enables CNNs to perform well in tasks such as object classification and scene recognition [31].
CNNs are a subset of deep learning algorithms that are effective for tasks such as image classification
because they can learn to recognize patterns and features in images. It is possible to create a CNN-based
image processing model that can successfully detect mango ripening stages by training a convolutional
neural network on a TEJC mango image dataset. The CNN-based ripening stages detection of a TEJC mango
will aid in determining the optimized storage period and the physicochemical parameters, together with
ultimately providing a good quality product for the food processing industry for production. Compared to
the traditional method, which is classified manually by human operators, it might lead to personal errors.

The overall accuracy of the algorithm is influenced by the number of layers, wherein an increase in
the number of layers results in moderate accuracy. However, an increase in the number of layers also leads
to an increase in processing time. These layers execute a mathematical operation that requires the image
matrix and filter as input. The flowchart depicting the entire CNN process and the architecture of the CNN
algorithm utilized for model creation is shown below in Fig. 1.

Following the construction of the Convolutional Neural Network (CNN) architecture, the model was
compiled by specifying the optimization algorithm, loss function, and performance metrics for training.
The compilation procedure accepts three arguments: Optimizer, Loss function, and Metrics. The model
training was performed using the Adam optimization algorithm. The optimizer was configured using
default TensorFlow parameters, including an initial learning rate of 0.001. The model was trained using a
batch size of 32 to ensure efficient learning and stable gradient updates.
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Input Data

(TEJC Mango Images and
Physicochemical parameters)

I

Pre-processing

Testing Data l

L CNN Classification j

l

| Fully Connected LayenJ

Stage 8 +
Parameters
Ripening Stage +

Physiochemical
Parameters

(TSS, pH, Firmness, L*, Stage 7 +
a*, b*) / Parameters
Stage 6 +
Parameters
Stage 4 + Stage 5 +
Parameters Parameters

Figure 1: Flow chart diagram of model creation.

Training Data

Stage 1+
Parameters

Stage 2 +
Parameters

Stage 3 +
Parameters

Key training configurations include:
+  Optimizer: Adam
+  Learning Rate: 0.001
+  Batch Size: 32
e Loss Functions:
«  Categorical Cross-Entropy for classification
+  Mean Squared Error (MSE) for regression

Evaluation Metrics:

+  Classification Accuracy for stage prediction
»  Mean Squared Error for physicochemical parameter prediction

To leverage transfer learning, the convolutional layers of the ResNet50V2 base model were frozen
during training. Only the newly added fully connected output layers were trained, which reduces overfitting
and improves generalization when working with limited datasets. No explicit regularization techniques, such
as dropout or weight decay, were applied, as the frozen pre-trained layers inherently reduce overfitting risk.

The evaluation metric is to be used for monitoring the performance of the model during training.
Metrics were used to evaluate the performance of the model on validation data, and the ‘accuracy’ measure
was applied in this classification task research. Moreover, this evaluation metric represents the proportion
of correctly classified instances over the total number of instances.
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During this process, the CNN model received a large data set consisting of labeled images of TEJC
mangoes, categorized as either Day 1, Day 2, Day 3, Day 4, Day 5, Day 6, Day 7, or Day 8, for classification
purposes. This constitutes the primary function of the CNN model. Once the training process was completed,
the model was used to make predictions, and the resulting probability distribution was analyzed. To train
the CNN model, the fit method was used on the training dataset.

Overall, the ripeness prediction in this study was based on the integration of image-derived features
with key physicochemical quality parameters known to reflect mango maturation. During training,
batches were generated dynamically using a custom data generator to simultaneously feed image data
and physicochemical regression targets into the model. It is important to note that the physiochemical
parameters, TSS, pH, firmness, L*, a*, and b* serve exclusively as regression targets during model training
and are not used as input features. The model receives only image data as input and learns to predict
both the ripening stages (classification) and the physiochemical values (regression) from visual features
alone. The testing dataset followed the same structure but was used only for validation and performance
assessment. Both losses are optimized concurrently during training. Mean Squared Error is reported
alongside classification accuracy to evaluate regression performance and ensure accurate estimation of
fruit quality attributes.

2.7 Validation Parameters Clarification

Model validation was performed using the testing dataset containing both image data and
physicochemical measurements. The evaluation process assessed:

+  Classification accuracy based on predicted ripening stages from image inputs.
»  Regression accuracy using predicted physicochemical parameters compared with laboratory-measured values.

Although physicochemical parameters were used as regression targets during training, the
model predictions relied solely on image inputs. This approach allows the system to estimate fruit
quality characteristics directly from visual information without requiring laboratory measurements
during deployment.

2.8 Statistical Analysis

All statistical analyses were performed using R software (version 4.4.3) and Minitab (version 21.2).
Mean values and standard deviations were calculated for all physicochemical parameters. One-way
analysis of variance (ANOVA) followed by Tukey’s HSD test was used to evaluate significant differences
of physiochemical parameters during the storage period. Pearson correlation analysis was conducted to
assess relationships among quality parameters. Statistical significance was determined at o = 0.05.

3 Results and Discussion

3.1 Physicochemical Changes in Mangoes during Storage

The pH of TEJC mangoes increased gradually over the storage period, with notable variations depending
on the ripening stage. Initially, the pH was lower, indicating higher acidity, but as ripening progressed,
acidity decreased due to the degradation of organic acids. During storage, mangoes typically exhibit an
increase in pH levels, which correlates with a decrease in titratable acidity as the fruit ripens. Ibarra-Garza
et al. [32] highlighted that acidity loss leads to a gradual pH increase in mangoes undergoing postharvest
ripening, noting variability in results due to biological differences in mango cultivars. This trend is also
supported by Yin et al. [33]. who indicated that continuous ripening and spoilage during prolonged storage
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decreased acidity levels, thus affecting the pH. Fig. 2a shows the pH of the TEJC mangoes over an 8-day
storage period.

The total soluble solids (TSS) content is a critical indicator of the ripeness and palatability of fruits,
including mangoes, and significantly influences their sensory attributes. Throughout the storage period
of TEJC mangoes, a notable change in TSS levels occurred, which correlates closely with the ripening
process. Research indicates that total soluble solids (TSS) in mangoes initially increase during ripening
due to the starch converted into sugars, enhancing sweetness, which is a crucial indicator of ripeness [34].
Specifically, Mounika et al. [35] noted that an increase in TSS is associated with the ripening of fresh
products, reflecting the metabolic conversions occurring in the fruit. In this study, TEJC mangoes showed
a gradual increase in TSS during early storage, consistent with Kumari et al. [36], who observed similar
trends in guava and papaya due to polysaccharide conversion. This increase enhances both flavor and
market value, as consumers tend to prefer sweeter fruits. Studies, including those by Mounika et al. [35]
indicated that prolonged storage activates metabolic pathways that break down sugars, ultimately reducing
TSS and compromising fruit quality. The physicochemical trends observed in TEJC mangoes, including
an increase in TSS up to ~16° Brix and a marked firmness decline from ~37 N to ~11 N over storage, are
consistent with other mango cultivars. In Keitt mangoes, TSS values were reported to increase from ~9 to
~17° Brix while firmness decreased drastically across ripening stages, illustrating a similar pattern of sugar
accumulation and softening during ripening [32]. Fig. 2b shows the TSS change of TEJC mangoes over an
8-day storage period.

6
5
4
=3
[=%
2
1
(1]
1} 2 4 6 8
Storage period (Days)
(a)
18
16
14
12
$10
» 8
17,
= 6
4
2
0
0 2 4 6 8
Storage Period (Days)

(b)
Figure 2: Cont.
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Figure 2: Changes in the key physicochemical parameters of TEJC mangoes over an 8-day storage period. (a) pH;
(b) TSS; (c) Firmness.

The firmness of TEJC mangoes decreased significantly over storage time. This softening is attributed to
the enzymatic degradation of cell walls, making mangoes more susceptible to mechanical damage. Firmness
is a critical quality parameter that determines mango quality. Studies show that mangoes experience
significant texture degradation due to enzymatic activity and water loss. For instance, Sivankalyani et al. [37]
indicated that chilling temperatures reduce firmness in mangoes stored below optimal temperatures. Fig. 2¢
shows the decrease in firmness of TEJC mangoes over the storage time.

The color change of TEJC mangoes during storage is a fundamental indicator of ripening and quality,
directly impacting consumer acceptance and marketability. In this research, it was observed that TEJC
mangoes transitioned from a light green-yellow color to a rich golden-yellow or orange hue as they ripened.
Fig. 3a,b show the changes in color of TEJC mangoes over the storage time. This progression aligns with the
well-documented ripening process in mangoes, wherein chlorophyll degradation and the accumulation of
carotenoids contribute to the color transformation [38,39]. Multivarietal studies of Indian cultivars further
demonstrated distinct ripening profiles in TSS, pH, and color across varieties, indicating genetic influences
on ripening dynamics [40]. Comparable increases in sugar and colorimetric changes, with decreases in
organic acids and firmness, were also documented in Sri Lankan mango cultivars, reinforcing that these
physicochemical transitions are common but cultivar-specific in magnitude [41].
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(a)

Figure 3: Cont.
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Day 1

Day 2

Day 3

Day 4

Day 5

Day 6

Day 7

Day 8

(b)
Figure 3: Peel color changes of TEJC mango over an 8-day storage period. (a) L, a*, b* change; (b) Color change.

Initially, the mangoes exhibited a predominant green peel color, which signifies unripe fruit. As ripening
commenced, a notable shift toward yellow hues occurred, indicative of the breakdown of chlorophyll and
the synthesis of carotenoids such as beta-carotene [42]. This progression was quantitatively supported by
the Li color scale, which rates color change from green (0) to fully yellow (6), demonstrating how, over time,
the yellowed area of the fruit skin increased significantly, typically reaching the fully yellow stage within a
defined storage period [38]. Notably, this aligns with the findings from Javed et al. [38], who specifically
noted that the control of chlorophyll during storage was critical in maintaining quality.

This study aligns with Theanjumpol et al. [43], who found that mangoes transition from green to mature
hues during storage, improving sugar content and flavor, key factors for marketability. Ripening enhances
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overall fruit quality, particularly color, due to biochemical changes. Additionally, environmental conditions
play a crucial role; Ngo et al. [44] noted that lower temperatures slow de-greening, delaying ripening.

The assessment of weight loss in TEJC mangoes throughout the storage period reveals crucial insights
into the fruit’s ripening dynamics. The mean weight loss percentages over 8 days period of storage
of TEJC mangoes are shown in Table 1. As mangoes progress toward ripeness, weight loss becomes
increasingly pronounced, primarily due to physiological processes such as transpiration and respiration.
The present study observed a notable weight loss in TEJC mangoes, which is consistent with previous
findings in various mango cultivars. For instance, Dieye et al. [45] reported that under ambient storage
conditions at 25°C, mangoes experienced significant moisture loss, reflecting typical patterns of ripening
and subsequent deterioration.

Throughout the storage period, TEJC mangoes exhibited gradual weight loss, particularly after the
initial stage of ripening. This pattern has been corroborated by various studies conducted on different
varieties of mango. For example, Dieye et al. [45] documented weight losses of approximately 7.1% in ‘Apple’
mangoes and 4.9% in ‘Ngowe’ mangoes after 6 to 7 days of storage at similar temperatures, indicating that
the weight loss observed in TEJC mangoes, which is approximately 9.7%, could be comparable. Further
emphasizing the climacteric nature of mangoes, respiration rates increase as the fruit ripens, leading to
higher weight losses over time [45].

Additionally, other research highlights the role of environmental conditions in weight loss during
ripening. Weight loss in climacteric fruits like mangoes often correlates directly with increased metabolic
activity. For instance, Gill et al. [46] indicated that physiological weight loss in ripening mangoes is
progressive, driven by the fruit’s respiration and transpiration rates, leading to significant reductions in
fresh weight over time. This finding suggests that higher respiration rates due to ripening could compound
weight loss in TEJC mangoes.

Table 1: Weight loss percentage during 8 days storage period.

Day Weight Loss Percentage (%)*

0.0 + 0.00¢

1.5 £ 0.20¢

2.34 + 0.23¢
2.82 £+ 0.41¢
4.79 + 0.54¢
5.08 + 0.48°
7.28 £ 1.22%
9.67 + 1.612

0 NN N U R W=

*Means that do not share the same superscript are significantly different at p < 0.05. Pearson’s correlation analysis (n = 180),
performed using daily mean values across the eight-day storage period (Fig. 4), revealed significant relationships among the
measured physicochemical parameters. Superscript letters (a—e) indicate statistical groupings based on post-hoc comparisons
at p < 0.05. Values sharing the same superscript are not significantly different from each other, whereas values with different
superscripts differ significantly.

Total soluble solids (TSS) showed a moderate positive correlation with pH (r = 0.65, p < 0.05) and a
strong negative correlation with firmness (r = —0.95, p < 0.05), indicating that sugar accumulation during
ripening was closely associated with tissue softening in TEJC mangoes. In addition, the colorimetric
parameter a* demonstrated a strong positive correlation with TSS (r = 0.95, p < 0.05), suggesting that
increased soluble sugar content coincided with enhanced red-yellow pigmentation development.

These interrelationships reflect coordinated biochemical and structural changes during ripening and
appear consistent with climacteric fruit physiology. However, given the relatively small sample size
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(n = 180), these findings should be interpreted as indicative trends within the controlled storage conditions
of this study. Further validation using larger datasets and additional storage conditions would strengthen
the statistical robustness of these associations.
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Figure 4: Correlation Matrix of TEJC mango attributes over 8 days storage period.
3.2 AI-Based Prediction of Mango Ripening and Quality Parameters

The system was successfully compiled, and after completing the training part of the real-time image
processing algorithm, which is developed to identify the TEJC mango ripening stage and physicochemical
parameters, specific results were obtained, along with an assessment of the overall model performance. A
total of 5760 images were used to train the model with 20 epochs to train the overall model for every epoch,
which is reasonable considering the size of the dataset and the complexity of the neural network.

Recent advancements in image processing techniques have enabled effective monitoring of mango
ripening stages. Utilizing Al models, researchers have developed systems capable of analyzing visual
attributes to predict quality parameters. Zhang et al. [47] highlighted the potential of similar technologies
in tracking quality changes during storage, framing these insights within broader applications of Al in
food science.

Convolutional Neural Networks (CNNs) have shown promise in classifying mango ripeness by
processing images. The performance of these Al models has been benchmarked against traditional methods,
revealing accuracy in determining ripeness stages along with efficiency advantages in real-time applications.
This represents a significant development aligned with emerging trends in real-time quality assurance
processes in the food industry [48]. In a study by Nambi et al. [49], the CNN-based RGB image processing
method was employed to predict the ripeness levels of “Alphonso” mangoes. While specific accuracy metrics
were not explicitly stated, the research emphasizes notable efficiency in recognizing varying ripeness levels
non-destructively, supporting the effectiveness of machine vision applications in this context.
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Therefore, these results suggest that the CNN-based TEJC mango ripening stage identification algorithm
is able to identify the ripening stage along with TSS, pH, firmness, and peel color (L*, a* b*) of TEJC mango
with moderate accuracy. Table 2 indicates the overall CNN model training and testing accuracy of the
developed algorithm for identifying the ripening stage of TEJC mangoes.

Table 2: Overall Model Performance Information.

Training Data Testing Data
Loss Accuracy Loss Accuracy
34% 67% 32% 62%

The results obtained after completing the model training are shown in Fig. 5a. The graph represents
the relationship between accuracy and the number of epochs, for both training accuracy and validation
accuracy. The accuracy for each epoch is shown for the training and validation. In addition, Fig. 5b shows
both the training and validation loss of the CNN model. The graph depicts the relationship between loss
and the number of epochs, showing both the testing and validation loss. This indicates how accurate the
model’s predictions were for the given data. The achieved training and validation loss values are relatively
low, indicating good performance of the model. Furthermore, Fig. 5¢ shows the Mean Squared Error (MSE)
for training and validation over multiple epochs in the model. Initially, MSE drops steeply, indicating rapid
learning, and then gradually stabilizes, suggesting convergence. The training and validation curves follow
a similar trend, meaning the model generalizes well without signs of overfitting. If further improvement is
needed, consider tuning hyperparameters, increasing epochs, or adjusting the model architecture.
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Figure 5: Model accuracy, loss, and regression MSE. (a) For accuracy; (b) For Model loss; (c) For MSE.
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The ML algorithm was developed for making a single prediction using a trained CNN model to obtain
the prediction result of the 8 ripening stages of the TEJC mango. Therefore, the prediction function of
the CNN model is developed to predict the test image. The test image path should feed into the system,
and it can predict the ripening stage, the pH, TSS, color, and the firmness values of the TEJC mango. The
output of the model is a probability distribution over the possible classes. Finally, based on the class with
the highest probability, the algorithm predicts the fruit ripening stage. Fig. 6 shows the output of the model
prediction, where the mango is recognized as being in stage 3. The predicted quality parameters include
peel color values of L* = 59.48, a* = 0.97, and b* = 35.35, along with a firmness value of 28.04, total soluble
solids (TSS) of 7.60, and a pH value of 4.08.

Image: mangol23.jpg

Predicted Stage: 3

Classification Probabilities: [[©.06317158 ©.23130883 0.44681478 0.22438455 0.00307886 0.01585959
0.01258708 ©.00279469]]

Predicted Numerical Values:

[59.48243 0.9778861 35.353992 28.04348 7.6091256 4.0834193]

Figure 6: Results for the TEJC mango ripening stage and physiochemical parameters.

This particular CNN-based real-time image processing TEJC mango ripening stage identification
algorithm was developed in order to identify the ripening stage. The overall system algorithm is able to
obtain overall model performance with 67% of training set accuracy and 62% of testing set accuracy.
Therefore, these research findings indicated that the TEJC mango ripening stage identifying image
processing algorithm based on CNN can effectively categorize the ripening stages and physicochemical
parameters of TEJC mangoes with a notable level of accuracy. Furthermore, the developed CNN model is
also able to provide accurate output results for maturity stage prediction, and it ensures the efficiency and
effectiveness of the developed algorithm.

Al-driven methods for assessing mango maturity present enhanced efficiency over conventional
manual inspections, which are often subjective. While traditional approaches are useful, they lack the
precision provided by machine learning algorithms, as noted in recent empirical studies [50]. The objectivity
and speed of Al models reflect a transformative shift in quality management for postharvest products.

The model developed with Al demonstrated potential applications in replacing traditional manual
sorting and visual inspection with automated analysis of mango ripeness stages. By employing image
processing techniques to assess colorimetric values and other physicochemical parameters, processors can
ensure that only mangoes of optimal ripeness are utilized for processing. This not only increases product
quality but also minimizes the risk of post-harvest losses, as mentioned in research by Meighani et al. [51],
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on high technologies in post-harvest processing. Therefore, the use of Al-based approaches gives a more
standardized and effective system for mango quality management in the food industry.

In addition, countries like Sri Lanka are experiencing skill migration to the developed countries, and
therefore, the readily available skillset of the workforce is decaying. On top of that, youth have little or no
interest in agriculture-related professions due to inequality with other professions, such as technologically
oriented ones. Therefore, it is a challenge to understand the harvest and engage in the related activities solely
based on experience, which used to be the case. The proposed Al-based prediction model has a potential to
overcome such human factors in decision making. Therefore, the proposed research directly aligns with
SDG 8—Decent Work and Economic Growth. In addition, the research presented proposes positive inputs to
SDG 2—Zero Hunger, SDG 9—Industry, Innovation and Infrastructure, SDG 12—Responsible Consumption
and Production, and SDG 13—Climate Action. It is well known that a significant portion of agricultural
production is wasted on harvesting, transportation, and storage. This is a critical issue for today’s world.
Therefore, this research helps in seeking solutions for such problems.

Despite the promising results, several limitations in this research are to be acknowledged. This
study focused only on first-grade TEJC mangoes, which limits the generalizability of the findings to other
cultivars and quality grades. Although the dataset comprised 5760 images linked with physicochemical
measurements, these were derived from only 96 mangoes collected from two batches under controlled
conditions. While preliminary comparisons indicated similar ripening trends between batches, the batch
effect was not statistically analyzed. The relatively small and homogeneous sample size may restrict the
model ability to capture the full biological variability associated with mango ripening. Such variability can
arise from genetic differences, cultivation practices, and environmental influences. Therefore, it is highly
recommended to include more batches in a future study. However, the expenditure has to be taken into
account in conducting such experiments.

In addition, the controlled storage and image acquisition conditions, while ensuring consistency, do
not fully reflect real-world scenarios. Variations in environmental factors such as temperature, humidity,
drought, and excessive rainfall can significantly influence ripening behavior and physicochemical properties.
Similarly, the use of standardized lighting and backgrounds during image capture may limit the model
robustness when applied under more variable field conditions, including differences in lighting, orientation,
and background complexity. Furthermore, the absence of external validation using independent datasets
constrains confidence in the model’s predictive performance. Although the AI model demonstrated
encouraging results, its reliability could be enhanced through validation with larger and more diverse
datasets, as well as under varying imaging conditions. Future studies should therefore incorporate a broader
range of mango cultivars, quality grades, environmental conditions, and acquisition settings to improve the
robustness, generalizability, and practical applicability of Al-supported mango ripeness assessment.

4 Conclusions

The study demonstrated clear ripening trends in TEJC mangoes, characterized by increasing pH and
TSS, decreasing firmness and L* and b* values, and increasing a* values, confirming progressive maturation.
Strong correlations between color parameters and TSS highlighted their effectiveness as ripeness indicators.
The CNN-based Al model achieved 67% training accuracy and 62% testing accuracy, showing potential
applicability to predict ripening stages and quality attributes under practical conditions. Notably, this
study presents the first Al-based ripeness prediction model for TEJC mangoes integrating physicochemical
validation with computer vision in a Sri Lankan context. The proposed approach offers a non-destructive,
consistent, and labor-efficient tool for postharvest quality management. While the proposed framework
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demonstrates feasibility, further validation across cultivars, storage conditions, and larger datasets are
required before broader application can be considered. Cultivar specificity and environmental variability
remain limitations; the findings provide a strong foundation for future improvements through model
refinement, inclusion of environmental factors, and validation across cultivars and locations, supporting
smarter and more sustainable mango postharvest systems.
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