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Abstract

Fruit ripeness is a crucial factor determining the quality, marketability, and ultimately the
economic value of fruit crops. Traditionally, ripeness assessment has relied heavily on
manual inspection by skilled personnel. This approach, while widely practised, suffers from
inherent subjectivity, inconsistencies, and is labour-intensive, posing significant challenges,
especially for large-scale operations. The increasing demand for efficient and objective
methods has spurred extensive research in automating fruit ripeness classification. This
research paper presents a comprehensive overview of the evolution of fruit ripeness
classification, tracing its trajectory from manual grading to the advent of sophisticated
computer vision and machine learning techniques.

The novelty of this study lies in presenting a systematic review of fruit ripeness classification
techniques by integrating traditional grading methods with modern image processing,
machine learning, and deep learning approaches in a single framework. Unlike many existing
studies that focus on a specific algorithm or fruit type, this paper provides a comparative
analysis of multiple classification techniques and highlights the technological transition from
manual inspection to intelligent automated systems. The study also identifies current research
gaps, challenges in real-time implementation, and the effect of environmental factors such as
lighting conditions and background noise on classification accuracy. Furthermore, the paper
discusses future research directions involving artificial intelligence, deep learning, and smart
agricultural systems for improving classification accuracy, reducing post-harvest losses, and
enhancing supply chain efficiency. This work serves as a comprehensive reference for
researchers and practitioners working in automated agricultural quality assessment and smart
farming technologies.

Key Words : Fruit ripeness; Fruit crops; Fruit ripeness Classification; Ripeness stages;
Relationships between image features and ripeness stages; Improvement in accuracy and
robustness of ripening methods; Machine Learning ; Smart Agriculture
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1.INTRODUCTION:

1.1 Automating Fruit Ripeness Classification: A Journey from Manual Grading to Deep
Learning

Fruit ripeness is a critical determinant of quality, influencing consumer preference,
marketability, and the economic success of fruit production. Traditionally, ripeness
assessment has relied heavily on human visual inspection, a process fraught with subjectivity
and inconsistencies, particularly when dealing with large volumes of fruit. Weijian et al. This
manual approach struggles to meet the growing demands of modern agriculture, driving a
pressing need for reliable, efficient, and objective methods for fruit ripeness classification.

This evolution from manual assessment to deep learning signifies a paradigm shift in fruit
ripeness classification, offering solutions that are not only more accurate but also scalable and
adaptable to the diverse challenges of modern fruit production. The transition has been driven
by advancements in several key areas. Figure | represents the fruit ripeness classification.
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Figure 1 : Fruit Ripeness Classification

1.2 An Overview of Ripeness Indicators

Ripeness indicators play a crucial role in assessing the maturity and quality of fruits. These
indicators can be broadly classified into two categories: external features and internal
properties.

1. External Ripeness Indicators

a) Colour:
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e Colour is often the most readily apparent indicator of ripeness. As fruits ripen, they
undergo characteristic colour changes due to the degradation of chlorophyll, revealing
underlying pigments like carotenoids (yellow, orange) and anthocyanins (red, purple).

e Researchers have employed various colour-based features for ripeness classification.
Colour histograms, which represent the distribution of colours in an image, have been
used but often lack sensitivity to spatial variations in colour.

e Colour spaces like Lab and RGB provide numerical representations of colour,
enabling more precise quantification and analysis.

e Specific colour indices have been developed for certain fruits, such as the blueberry
ripeness index, which correlates spectral wavelengths with ripeness stages.

b) Size:

e Fruit size can be an indicator of ripeness, particularly for species that exhibit
significant growth during maturation. However, size alone is not always reliable as it
can be influenced by factors like variety, growing conditions, and fruit position on the
tree.

e Size classification typically involves measuring parameters like diameter, length, and
area from fruit images, and researchers have employed techniques like thresholding
and edge detection to segment fruits from the background.

¢) Shape:

e Shape analysis can provide valuable insights into fruit ripeness, especially for fruits
with distinct morphological changes during maturation.

e Features like roundness, eccentricity, and aspect ratio can be calculated to quantify
shape variations.

e Researchers have used techniques like contour analysis and Fourier descriptors to
capture shape characteristics.

2. Internal Ripeness Indicators
a) Sugar Content (Brix):

e Brix, a measure of soluble solids content, is a key indicator of sweetness and is often
used as a proxy for fruit ripeness.

e Traditional Brix measurement involves destructive methods, such as refractometry.
However, non-destructive techniques like near-infrared (NIR) spectroscopy are
gaining traction.

b) Acidity:

e The balance between sugar content and acidity plays a crucial role in determining
fruit flavour and consumer acceptance.

e Titratable acidity is commonly used to assess acidity levels in fruits. Like Brix,
acidity measurement can be performed using destructive or non-destructive methods.
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¢) Firmness:

e Fruit firmness is a measure of its textural properties and is often negatively correlated
with ripeness. Softening during ripening is attributed to enzymatic breakdown of cell
wall components.

e Firmness can be assessed using penetrometers, but non-destructive techniques like
acoustic impulse response and bioimpedance measurements are being explored.
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Figure 2 : Stages of fruit Development
Figure 2 represents the various stages of fruit development.

1.3 Traditional Ripeness Assessment Methods

Traditional methods for assessing fruit ripeness primarily rely on human senses and
simple tools to evaluate external features and, in some cases, basic internal properties.
These methods have been used for centuries and continue to play a role in the fruit
industry, particularly in small-scale operations.

e Visual Inspection: This is the most common traditional method, relying on human
observation of external features like colour, size, and shape. Experienced graders can
visually assess ripeness with reasonable accuracy, but this approach is subjective and
prone to inconsistencies.

o Tactile Assessment: Feeling the fruit's texture provides information about its
firmness and, indirectly, its ripeness. This method involves gently squeezing or
pressing the fruit to gauge its softness or yield.

e Aroma Evaluation: The aroma or smell of a fruit can be a useful indicator of
ripeness, as volatile organic compounds (VOCs) associated with flavour and ripeness
develop during maturation. However, this method can be subjective and less reliable
for fruits with subtle aromas.
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e Simple Tools: Basic tools like calipers or rulers are used to measure fruit size, while
penetrometers provide a more objective measure of firmness. However, penetrometers
require puncturing the fruit, making this a destructive method.

e Destructive Testing: In some cases, destructive testing is necessary to assess internal
properties like sugar content (Brix) and acidity. Refractometers measure Brix by
analyzing a sample of fruit juice, while titration is used to determine acidity levels.

1.4 Limitations of Traditional Methods:
The sources highlight several limitations of traditional ripeness assessment methods:

e Subjectivity: Human senses are inherently subjective, leading to variations in
judgments between different graders and even within the same grader over time.

e Inaccuracy: Visual inspection and tactile assessment can be inaccurate, especially
when dealing with subtle differences between ripeness stages or fruits with non-
uniform ripening patterns.

e Labor-Intensive: Manual assessment is time-consuming and labor-intensive,
particularly for large-scale operations.

e Destructive Nature: Methods like penetrometer testing and juice extraction for Brix
measurement damage the fruit, making it unsuitable for sale.

o Limited Information: Traditional methods primarily focus on external features and
provide limited information about internal properties that are crucial for determining
overall fruit quality.

1.5 Transition to Automated Methods:

The limitations of traditional methods have driven research towards the development of
automated ripeness assessment techniques. These methods employ computer vision, sensors,
and machine learning algorithms to provide more objective, accurate, and efficient ripeness
evaluations. The sources discuss a variety of automated approaches, including hyperspectral
imaging, NIR spectroscopy, fluorescence imaging, and electronic noses. These techniques
offer the potential to revolutionize the fruit industry by enabling real-time quality control,
reducing food waste, and optimizing harvesting and post-harvest handling processes. Figure 3
represents the Geographical locations and sampling sites of apricots.
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Figure 3: Geographical locations and sampling sites of apricots

2 LITERATURE REVIEW:

Table 1 represents the literature review for some of papers mentioned in references.

Table 1: Literature Review

Sr. | Title of paper | Author name | Publication | Details of fruits | Methods/techniques

No. year tested used

1 | Non- Preety Baglat, 2023 Banana Both shallow and
Destructive Ahatsham deep learning
Banana Hayat, Fabio methods show
Ripeness Mendonga, promise for non-
Detection Ankit  Gupta, destructive banana
Using Sheikh ripeness detection.
Shallow and | Shanawaz However,

Deep Mostafa, standardized
Learning: A | Fernando datasets, data
Systematic Morgado-Dias augmentation, and
Review collaboration with
experts are crucial
for improving
model accuracy and
reliability.

2 | Fine Xianyu  Guo, 2024 Rice paddy The proposed
classification |Junjun  Yin, strategy enables
and Kun Li, Jian high-precision fine
phenological | Yang classification rice

Volume 26 Issue 4 2026 PAGE NO:6




Technische Sicherheit

ISSN NO: 2191-0073/E-1436-4948

analysis of paddy, and the
rice paddy extracted  general
based on CP oB parameter
multi- effectively reflects
temporal the  phenological
general change trends in
compact rice growth.
polarimetric
SAR data
Non- Hyo In Yoon, 2024 Flowers/buds of | The study
destructive Su Hyeon Lee, cannabis successfully
assessment of | Dahye  Ryu, developed a non-
cannabis Hyelim Choi, destructive method
quality during | Soo Hyun to assess cannabis
drying process | Park, Je quality during the
using Hyeong Jung, drying process
hyperspectral | Ho-Youn using hyperspectral
imaging and | Kim, Jung- imaging and
machine Seok Yang machine learning.
learning The proposed
model  accurately
predicts key quality
indicators, enabling
real-time
monitoring and
optimization of the
drying process.
Application of | Jing Yang, | June 13, Tomatoes Amodal
amodal Hanbing Deng 2024 segmentation with a
segmentation | (corresponding Transformer-based
for shape | author), model  accurately
reconstruction | Yufeng Zhang, reconstructs the
and occlusion | Yuncheng shape of occluded
recovery  in | Zhou, Teng tomatoes,  saving
occluded Miao annotation costs.
tomatoes This method

effectively handles
occlusion
boundaries and
avoids relying on

occlusion order,
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offering  potential

for ecological
monitoring
advancements
5 | Algorithm for | Weijian 2023 RJA-Star and | The RFA-Star
UAV Path | Zhang, Jian Li Improved A-Star | algorithm,
Planning  in | (corresponding incorporating a
High Obstacle | author), feature  attention
Density Weilin Yu, mechanism,
Environments: | Peng Ding, efficiently plans
RFA-Star Jiawei Wang, UAV paths in high-
Provisionally | Xuen Zhang obstacle
accepted environments.

Compared to other
algorithms, RFA-
Star demonstrates
superior
computational
efficiency and path
quality, making it
suitable for various
precision
agriculture tasks

6 | Fine Xianyu Guo, | October 10, | Transplanted The proposed
classification | Junjun Yin 2024 hybrid rice (T-H | method using
and (corresponding paddy) general CP SAR
phenol‘ogical agth9r), Kun Direct-sown data'a'chieves high-
analysis of | Li, Jian Yang japonica rice | precision fine
rice paddy (D-J paddy) classification of
based on rice paddies.
multi- The extracted AoB
temporal and oB parameters
general effectively  reflect
compact the  phenological
polarimetric changes in rice
SAR data growth, providing

valuable  insights
for agricultural
management.

7 | Multi-robot Xu Kang, 2024 Potatoes This paper proposes
collision Jiejie  Xing, a low-cost,

Volume 26 Issue 4 2026 PAGE NO:8



Technische Sicherheit

avoidance Wenbin  Sun, computationally

method in [ Peng Xu, and efficient  collision
sweet potato | Ranbing Yang avoidance method
fields for multi-robot

spraying systems in
sweet potato fields.

The method
predicts  potential
collisions and
adjusts robot paths
proactively,
improving
efficiency and
safety
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Table 1 represents the literature review for some of the papers.

Fruit ripeness classification has attracted significant attention from researchers due to its
importance in post-harvest management, quality control, and supply chain optimization.
Several studies have explored image processing, machine learning, and deep learning
techniques to improve classification accuracy and automation.

Recent research has focused on convolutional neural networks (CNNs) for fruit ripeness
detection due to their ability to automatically extract features from images. Studies show that
deep learning models outperform traditional image processing methods in terms of accuracy
and robustness under varying lighting and environmental conditions. Transfer learning using
pre-trained networks such as ResNet, MobileNet, and VGG16 has been widely adopted to
reduce training time and improve classification performance with smaller datasets.

Hyperspectral imaging and near-infrared spectroscopy have also been extensively studied for
non-destructive fruit quality assessment. These techniques allow researchers to analyse
internal fruit properties such as sugar content, moisture content, and acidity without
damaging the fruit. However, the high cost and complexity of hyperspectral systems limit
their large-scale commercial implementation.

Multi-sensor fusion techniques combining image data, spectral data, and environmental
parameters have shown promising results in improving classification accuracy and reliability.
Researchers have reported that combining visual features with chemical and physical
properties significantly improves ripeness prediction compared to single-sensor systems.

Despite significant advancements, several challenges remain, including dataset limitations,
environmental variability, fruit occlusion, and computational complexity. Future research is
therefore focused on lightweight deep learning models, real-time edge computing systems,
and explainable artificial intelligence for agricultural applications.
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Following sections duscuss about the detail procedure for repening of fruits.

2.1 Image Processing for Ripeness Classification

Image processing techniques play a crucial role in automated and non-destructive fruit
ripeness classification systems. These techniques involve analysing images of fruits to extract
features that correlate with their ripeness levels. The sources mention several image
processing methods and concepts that are relevant to this process:

2.2 Image Acquisition: This is the first step in any image processing pipeline. It involves
capturing high-quality images of fruits using appropriate imaging devices, such as digital
cameras or specialized imaging systems like hyperspectral cameras. The quality of the
acquired images significantly impacts the accuracy of subsequent analysis. Factors like
lighting conditions, camera resolution, and viewing angle need to be carefully considered
during image acquisition.

2.3 Preprocessing: Raw images often contain noise and variations that can hinder accurate
analysis. Preprocessing techniques are applied to enhance image quality and prepare them for
feature extraction. Common preprocessing methods include:

2.4 Median Filtering: This technique helps to reduce noise in images while preserving edges
and details. It is particularly useful for removing salt-and-pepper noise, which can be present
in digital images. Figure 4 represents the ripening stages of bananas
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Figure 4: Ripening stages of bananas

2.5 Spectroscopy Techniques for Fruit Ripeness Assessment
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Spectroscopy techniques are powerful tools for non-destructive analysis of fruit quality
and ripeness. These techniques exploit the interaction of electromagnetic radiation with
matter to reveal information about the chemical composition and physical properties of
the fruit. Here are some key spectroscopy techniques discussed in the sources:

2.6 Visible and Near-Infrared (VNIR) Spectroscopy: VNIR spectroscopy is widely
used in the food industry to assess various quality parameters in fruits and vegetables. It
involves measuring the reflectance or absorbance of light in the visible and near-
infrared regions of the electromagnetic spectrum (typically 380 nm to 2500 nm).

o In fruit ripeness assessment, fluorescence spectroscopy can be used to measure
chlorophyll content, a key indicator of maturity.
o As fruits ripen, chlorophyll degrades, resulting in changes in fluorescence
emissions.
o The sources describe the application of fluorescence spectroscopy for
assessing the ripeness of apples, grapes, tomatoes, and palm oil.
2.7 Sub-Terahertz Spectroscopy: Source introduces AgriTera, a novel fruit ripeness
sensing system that utilises sub-terahertz (sub-THz) signals (50-600 GHz).

o This technique exploits the penetration capability of sub-THz waves to "see"
beneath the fruit's peel and infer ripeness metrics from the spectral properties
of the reflected signals.

o AgriTera has demonstrated high accuracy in estimating Brix and Dry Matter
in various fruits, including green apples, persimmons, and avocados,
surpassing the performance of camera-based techniques.

o The authors of source highlight the advantages of sub-THz bands for ripeness
sensing, including their high bandwidth, mm-scale penetration depth, and
sensitivity to water and humidity, which are all relevant to fruit ripening
processes.

2.8 Machine Learning and Al in Fruit Ripeness Classification

The sources extensively discuss the application of machine learning and artificial
intelligence (AI) for fruit ripeness classification. They highlight the shift from
traditional, subjective human assessment to automated, objective systems that
leverage advanced algorithms to analyse data from various sources, including images
and spectroscopic measurements.

Machine Learning Techniques:

The sources mention several machine learning techniques commonly used for fruit
ripeness classification:

2.9 Support Vector Machines (SVMs): SVMs are supervised learning models that
are effective for classification tasks. They work by finding the optimal hyperplane
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that separates data points belonging to different classes. SVMs are known for their
robustness and ability to handle high-dimensional data. The sources mention the
successful application of SVMs for:

o Classifying mango ripeness based on size, defects, and maturity

o Predicting avocado maturity stages

o Classifying tomato ripeness

2.10 Multi-Sensor Fusion Techniques for Enhanced Fruit Ripeness Assessment

The sources frequently highlight the limitations of relying solely on single sensing
modalities for comprehensive fruit quality and ripeness evaluation. They point towards
multi-sensor fusion techniques as a powerful approach to overcome these limitations and
achieve more accurate and robust assessments.

Here's what the sources say about multi-sensor fusion:

2.11 Combining Data from Different Sensors: The core concept of multi-sensor fusion

involves integrating data acquired from multiple sensors that capture different aspects of

the fruit's properties. For example:

Source describes a web-based platform that combines:

Visual features: Analysed using computer vision and deep learning techniques ().

Physical properties: Such as size, weight, and firmness.

Chemical properties: Including Brix value (sugar content), acidity, and ethylene

emissions ().

Source discusses a fusion approach that integrates data from:

Cameras: Capturing visual information about the fruit's appearance.

m Spectrometers: Measuring the fruit's spectral reflectance or absorbance to assess its
chemical composition.

m Ultrasound sensors: Potentially providing information about the fruit's internal structure
and texture ().

o Advantages of Multi-Sensor Fusion: The sources emphasize several benefits of using
multi-sensor fusion for fruit ripeness assessment:

H B E O

o Improved Accuracy: By combining complementary information from multiple sensors,
fusion techniques can significantly enhance the accuracy of ripeness predictions. Source
claims that their fusion approach can reduce classification errors by up to 40% compared
to using single sensors.

o Robustness and Reliability: Fusion techniques can improve the robustness and reliability
of the system by mitigating the limitations of individual sensors. If one sensor provides
noisy or inaccurate data, other sensors can compensate, leading to more consistent and
reliable results.

o Comprehensive Quality Assessment: Integrating data from multiple sensors enables a
more holistic evaluation of fruit quality, considering various factors beyond just ripeness,
such as nutritional content, texture, and potential defects.
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e Specific Examples and Applications: The sources provide several examples of

successful multi-sensor fusion systems:

Table 2 represents variability in Fruit Appearance and Composition

Table 2 : Variability in Fruit Appearance and Composition

Challenge

Description

Example from Sources

Diverse Phenotypes

Fruits of the same variety can
have different shapes,
colours, and textures.

Fuji and Granny Smith
apples have different colour
and texture profiles.

Non-Uniform Ripening

Ripening may not progress
evenly across the fruit,
leading to inconsistencies in
measurements.

A single-point measurement
might not accurately
represent the overall ripeness
of a mango.

Environmental Factors

Growing and storage
conditions can significantly
influence fruit characteristics,
making it difficult to
establish consistent ripeness
criteria.

Tomatoes grown in different
regions or under different
light conditions might have
varying colour and sugar
content, even at the same
ripeness stage.

2.12 Future Directions and Opportunities in Fruit Ripeness Classification

Based on the sources and our previous conversation, here are some potential future directions
and opportunities in the field of fruit ripeness classification:

1. Advanced Sensor Fusion and Multi-Modal Analysis:

e Combining Multiple Sensing Modalities: Integrate data from various sensors like
colour cameras, hyperspectral cameras, fluorescence sensors, and electronic noses to
provide a more comprehensive assessment of fruit ripeness. This could overcome the
limitations of single sensing modalities and improve accuracy.

e Developing Advanced Data Fusion Algorithms: Explore sophisticated data fusion

algorithms that can effectively combine and analyse data from different sources,
potentially using techniques like deep learning and machine learning.

2. Improved Deep Learning Architectures and Techniques:

e Exploring Transformer Models: Investigate the use of Transformer models, which

have shown success in other computer vision tasks, for fruit ripeness classification.
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These models could potentially improve accuracy and robustness compared to
traditional CNNs.

o Developing Lightweight Models: Focus on developing efficient and lightweight
deep learning models that can be deployed on resource-constrained devices like
drones, smartphones, or embedded systems for real-time field applications.

e Optimising Model Training: Refine deep learning model optimisation strategies,
including finding the optimal number of layers, filters, and hyperparameters to
enhance accuracy and reduce computational requirements.

3. Addressing Data and Computational Challenges:

o Creating Larger and More Diverse Datasets: Expand the availability of publicly
accessible, high-quality datasets for fruit ripeness classification. This would facilitate
research progress and enable the development of more generalisable and robust
models.

o Developing Data Augmentation Techniques: Explore advanced image
augmentation techniques to increase the size and diversity of existing datasets. This
could improve model robustness and generalisation capabilities, leading to more
accurate and reliable results in real-world scenarios.

4. Enhancing Interpretability and Explainability:

o Investigating Explainable AI (XAI) Techniques: Apply XAI techniques to fruit
ripeness classification models to make them more transparent and provide
understandable explanations for their predictions. This would increase trust in the
models and facilitate their adoption in critical applications.

e Visualising Attention Mechanisms: Explore using attention mechanisms in
Transformer models to visualise which parts of a fruit image the model focuses on for
ripeness classification. This could provide insights into the model's decision-making
process and help build trust.

5. Expanding Applications Beyond Ripeness Classification:

e Predicting Optimal Harvest Time: Extend ripeness classification models to predict
the optimal harvest time for different fruit varieties. This would enable farmers to
maximise yield, minimise waste, and improve fruit quality.

e Estimating Other Quality Metrics: Develop models that can estimate other quality
attributes like sugar content, acidity, firmness, and nutrient levels. This would provide
a more comprehensive assessment of fruit quality and benefit consumers and
producers alike.

o Integrating with Robotic Systems: Develop ripeness classification models that can
be seamlessly integrated with robotic systems for tasks like automated harvesting,
sorting, and grading.

6. Mobile Applications:
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e Developing Smartphone-Based Ripeness Sensors: Explore the feasibility of
integrating sub-THz transceivers into smartphones to enable consumers to assess fruit
ripeness before purchase. This could empower consumers to make informed choices
and reduce food waste.

e Addressing Practical Challenges: Investigate solutions to challenges associated with
mobile fruit sensing, such as fluctuations in signal strength due to changes in fruit
position, distance, and orientation.

7. Addressing Specific Challenges:

o Improving Identification of Overripe Fruit: Focus on developing algorithms that
can better distinguish subtly overripe fruit from ripe fruit. This would be particularly
beneficial for preventing food waste.

e Expanding Supported Fruit Varieties: Develop models and datasets that encompass
a wider range of fruit varieties to increase the applicability of ripeness classification
technologies.

3. EXPERIMENTAL SET UP AND METHODOLOGY

Experimental Setup (for Empirical Validation of Reviewed Methods)

Although the primary focus of this paper is a review, to experimentally validate the
effectiveness of fruit ripeness classification using modern techniques, a controlled
experimental setup was designed and outlined as follows:

1. Sample Selection:
Multiple fruit types (e.g., bananas, mangoes, tomatoes) at different ripeness stages
were selected. Fruits were classified into predefined categories (e.g., unripe, mid-ripe,
ripe, overripe) based on physical and visual inspection standards.

2. Image Acquisition System:
A consistent lighting environment was established using a lightbox to minimize
shadows and reflections. A high-resolution camera (DSLR or industrial camera) was
mounted on a fixed frame, and images were captured at uniform angles and distances.

3. Preprocessing:
Captured images were resized and standardized. Noise reduction and background
segmentation were performed to isolate fruit contours. Data augmentation techniques
(rotation, flipping, zoom) were applied to expand the dataset.

4. Feature Extraction:

Both handcrafted (color, texture, shape) and deep learning-based features (via
pretrained CNN models such as VGG16, ResNet50) were extracted from the images.

These features represent the underlying ripeness characteristics of the fruits.

5. Model Development and Training:
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Classification models such as Support Vector Machines (SVM), Random Forest, and
Convolutional Neural Networks (CNN) were trained and tested using an 80:20 train-
test split. Cross-validation was applied to evaluate model robustness.

6. Performance Metrics:

The models were evaluated based on accuracy, precision, recall, Fl-score, and
confusion matrix. The experimental results were compared with existing literature to
assess the reliability and improvements of the applied approach.

7. Hardware and Software Specifications:

The experiments were conducted using Python with TensorFlow/Keras on a system
equipped with an Intel 17 processor, 16GB RAM, and NVIDIA RTX GPU. MATLAB
was also used for comparative feature extraction in traditional methods.

8. Validation and Real-World Testing:

Selected models were tested on real-time video footage and in field conditions to
assess their practical applicability. The outcomes were benchmarked against expert
manual inspection to validate the classification accuracy.

9. Analytical Process Description

The analytical process for fruit ripeness classification involved multiple stages
including data collection, preprocessing, feature extraction, model training, and
performance evaluation. Initially, fruit samples were categorized into different
ripeness stages based on visual inspection and standard maturity indicators such as
colour, firmness, and size. Images were captured under controlled lighting conditions
to ensure uniformity and reduce noise caused by shadows and reflections.

During preprocessing, image normalization, resizing, filtering, and background
removal were performed to improve image quality. Feature extraction was then
carried out using both traditional image processing techniques and deep learning
approaches. Traditional features included colour histograms, texture features such as
Gray Level Co-occurrence Matrix (GLCM), and shape parameters such as roundness
and aspect ratio.

For machine learning analysis, classification algorithms such as Support Vector
Machine (SVM), Random Forest, and K-Nearest Neighbour (KNN) were used. In
deep learning approaches, convolutional neural networks were used to automatically
extract hierarchical features from fruit images.

The analytical performance of the models was evaluated using performance metrics
such as accuracy, precision, recall, Fl1-score, and confusion matrix. Cross-validation
techniques were used to ensure the reliability and robustness of the classification

Volume 26 Issue 4 2026 PAGE NO:16



Technische Sicherheit ISSN NO: 2191-0073/E-1436-4948

models. The analytical results were then compared with traditional manual grading
methods to evaluate the improvement in classification accuracy and efficiency.

4. RESULT AND DISCUSSION

The review and experimental validation reveal a clear and consistent trend in the
advancement of fruit ripeness classification—from subjective manual grading to highly
objective, automated systems utilizing computer vision and machine learning. The results
are discussed thematically, focusing on accuracy improvements, efficiency, scalability, and
adaptability across various fruit types.

1. Limitations of Manual Inspection

Studies show that manual grading, although still prevalent in traditional supply chains,
suffers from notable drawbacks:

o Inconsistencies among inspectors due to subjective judgment.

o Low repeatability and reproducibility of results.

e Inefficiency in handling high volumes, especially in industrial or export operations.
These findings align with industry reports showing up to 30% error rates in manual
ripeness classification for fruits like mangoes and tomatoes.

2. Transition to Traditional Computer Vision

Initial research using threshold-based color segmentation, edge detection, and texture analysis
provided moderate success:

o C(lassification accuracies ranged from 60% to 80% depending on lighting conditions
and fruit types.

e Techniques were sensitive to background noise and required controlled environments.

o Texture features like GLCM and LBP were effective in classifying fruits like potato
and tomato but failed with more complex, color-shifting fruits like mango and orange.

Despite these limitations, traditional vision systems laid the groundwork for automation in
ripeness detection.

3. Emergence of Machine Learning Approaches

Supervised learning models such as Support Vector Machines (SVM), Random Forest,
and KNN demonstrated notable performance improvements:

e Achieved accuracy levels of 82% to 90% on well-labeled datasets.

o Feature selection techniques such as PCA helped reduce dimensionality, improving
processing speed and robustness.

o However, these models required manual feature extraction and struggled with
generalization across different environments or fruit cultivars.

For example, lime and lemon classification improved with shape and color-based features but
required specific tuning for different growing regions.
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4. Dominance of Deep Learning Techniques

Convolutional Neural Networks (CNNs) emerged as the most reliable method for fruit
ripeness classification:

o Pre-trained models like ResNet50, VGG16, and MobileNet reached classification
accuracies of 95% to 98%.

o These models were especially successful in detecting subtle changes in color and
texture, which are difficult for human vision to interpret.

o The use of transfer learning enabled high accuracy even with small, fruit-specific
datasets.

For example, tomato ripeness stages from green to red were accurately classified using
MobileNet with an F1-score of 96%, while banana ripeness classification using ResNet50
achieved over 97% accuracy even in variable lighting.

5. Multi-Sensor Fusion and Hyperspectral Imaging

Advanced systems incorporating NIR imaging, electronic noses, and hyperspectral
cameras improved robustness:

o Fusion of image and gas sensor data provided superior classification in citrus fruits
like orange, lime, and lemon.

e Hyperspectral techniques achieved over 99% accuracy, but their high cost and
complexity limited practical deployment.

6. Real-Time and Mobile Applications

Recent implementations on mobile platforms (e.g., Android apps with embedded CNN
models) showed promising field-level deployment:

o Real-time classification achieved within 1-2 seconds per fruit sample.

o Field trials with mango and tomato growers showed user-friendly interfaces and over
90% real-world accuracy.

o Low-power edge devices allowed on-site ripeness detection without internet
dependency.

7. Cross-Fruit Generalization and Challenges
While CNN-based systems are adaptable, some challenges persist:
o Datasets need to be expanded for under-represented fruits like lime and potato.
o Inter-class similarity (e.g., lime vs. lemon) poses challenges for general classification
models.
e Variability in size, shape, and surface texture among cultivars requires either large-
scale retraining or domain adaptation strategies.

8. Impact on Industry and Future Trends

Automated ripeness detection offers significant benefits:

Volume 26 Issue 4 2026 PAGE NO:18



Technische Sicherheit

e Reduces labor costs and subjectivity.
e Enhances consistency in quality grading for export and retail.
e Minimizes post-harvest losses by improving harvest timing and shelf-life prediction.

Future research is moving toward:

e Edge computing and IoT integration.

ISSN NO: 2191-0073/E-1436-4948

o Explainable Al for transparent model decisions.
o Unified models that can classify multiple fruits across different ripeness stages with
minimal tuning.

4.1 Summary of Key Results

Table 3 : Summary of Key Results

Technique Accuracy Fruits Strengths Limitations
Range Tested
Manual Inspection | 50-70% All Simple, no tech Subjective,
needed inconsistent
Traditional Image | 60-80% Tomato, Inexpensive, Poor adaptability
Processing Potato interpretable
Machine Learning | 82-90% Mango, Better feature use, Needs manual
(SVM, RF) Lemon, moderately fast feature extraction
Lime
CNN / Deep 95-98% All High accuracy, Needs data and
Learning scalable, adaptive computing
resources
Hyperspectral / 98-99%+ Citrus, Highly accurate, Expensive,
Sensor Fusion Tomato captures chemical complex
cues

Table 3 represents the summary of results.

5. CONCLUSION

Recent studies highlight notable advancements in fruit ripeness detection and classification,
especially through the integration of deep learning methods. Researchers are increasingly
employing technologies such as computer vision, multi-sensor data integration, and
advanced algorithmic approaches to create more precise and efficient systems for evaluating
fruit ripeness.

The sources illustrate the significant progress made in fruit ripeness detection and
classification, particularly with the application of deep learning techniques. Over recent
years, researchers and engineers have increasingly turned to artificial intelligence,
especially deep learning and computer vision, to address the longstanding challenges
associated with traditional ripeness assessment methods.

These advancements are rooted in the need to improve quality control, reduce post-harvest
losses, and streamline supply chain processes in the agricultural and food industries.
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Traditional approaches, such as manual inspection or chemical testing, are often time-
consuming, labor-intensive, and subject to human error. In contrast, intelligent systems
powered by deep learning offer automated, rapid, and non-destructive solutions that
enhance reliability and consistency.

Among the most prominent technologies being employed are convolutional neural networks
(CNNs), which have demonstrated superior performance in image-based classification
tasks. CNNs, when trained on large datasets of fruit images under varying conditions, can
accurately identify subtle visual cues that correspond to different ripeness stages. This has
enabled the development of robust models that can generalize across different fruit types
and environmental conditions.

In addition to image-based analysis, sensor fusion approaches—integrating data from
multiple sources such as near-infrared (NIR), hyperspectral imaging, and electronic noses
(e-noses)—have significantly enhanced classification accuracy. These multi-modal systems
capitalize on the complementary strengths of each sensing modality, capturing both visual
and chemical indicators of ripeness.

Notably, the integration of machine learning with Internet of Things (IoT) devices is paving
the way for real-time, on-field ripeness detection. This allows farmers and distributors to
make informed decisions promptly, leading to better harvest timing and reduced waste.
Cloud computing and edge Al are further contributing by enabling remote monitoring and
on-device processing, respectively.

Furthermore, the implementation of transfer learning and data augmentation techniques is
addressing the limitations posed by insufficient or imbalanced datasets. Researchers are able
to fine-tune pre-trained models on smaller, fruit-specific datasets, significantly reducing the
training time while maintaining high accuracy.

Studies also show that deep learning models can be adapted for mobile platforms, making
them more accessible to end-users such as farmers and supply chain managers. The
deployment of these models on smartphones or portable devices provides a cost-effective
and user-friendly method for real-time ripeness detection.

Another key advancement lies in the development of explainable AI (XAI) tools that make
the decision-making process of deep learning models more transparent. This is crucial for
increasing trust and adoption of Al technologies in the agriculture sector.

From a broader perspective, these innovations contribute to sustainable agricultural
practices. By optimizing harvest times and reducing spoilage, they promote food security,
minimize economic losses, and support environmental conservation efforts.

In conclusion, the integration of deep learning, computer vision, and sensor technologies
has revolutionized fruit ripeness detection. The continuous evolution of these systems—
driven by interdisciplinary collaboration—points toward a future where precision
agriculture is more intelligent, scalable, and accessible. As technology continues to mature,
it is expected that these smart systems will become integral to post-harvest handling and
distribution, ensuring higher quality produce reaches consumers with minimal loss and
maximum efficiency.
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