© May 2024 | IJIRT | Volume 10 Issue 12 | ISSN: 2349-6002

Audio-Enhanced Advanced CNN Framework for Fruits &
Vegetables Recognition

A. ASWIN JEBA MAHIR?, R.V. KRISHNA? M. TAMIL SELVAN? R. SURENDAR*
1.2.34 Information Technology, SRM Valliammai Engineering College, Anna University, Kattankulathur,

Abstract— The recognition and classification of fruits and
vegetables are essential tasks in various domains such as
agriculture, food processing, and retail. Convolutional
Neural Networks (CNNs) have demonstrated remarkable
success in image recognition tasks, including those
involving fruits and vegetables. The framework employs a
combination of techniques aimed at optimizing both
accuracy and efficiency. Firstly, a lightweight CNN
architecture is designed to ensure rapid inference without
compromising recognition performance. Secondly, data
augmentation techniques are employed to enrich the
training dataset, thereby enhancing the model's
generalization capabilities. Thirdly, transfer learning is
utilized to leverage pre-trained models and adapt them to
the specific task of fruit and vegetable recognition,
reducing the need for extensive training on limited
datasets.That datasets comprising various types of fruits
and vegetables. Results demonstrate that the proposed
framework achieves competitive accuracy levels while
significantly reducing computational requirements and
inference time compared to existing approaches. Overall,
the proposed CNN-based framework offers a promising
solution for efficient and accurate fruits and vegetables
recognition, with potential applications in agriculture
automation, food quality assessment, and retail inventory
management.

Index Terms— Machine learning; Convolutional Neural
Network (CNN); Recognition; Object detection; Fruits and
Vegetable detection; Voice generation.

I INTRODUCTION

Efficient Convolutional Neural Network (CNN)-based
frameworks have revolutionized the field of computer
vision, particularly in tasks such as object recognition
and classification. In recent years, there has been a
growing interest in applying CNNs to specific
domains, such as recognizing and classifying fruits
and vegetables. It is a challenging task due to the
variability in appearance, shape, size, and texture
among different types of fruits and vegetables. By
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employing techniques such as transfer learning, data
augmentation, and optimization algorithms, this
framework aims to achieve high accuracy and
efficiency in identifying and categorizing various
fruits and vegetables. Key components of this
framework include a carefully designed CNN
architecture optimized for the task of fruit and
vegetable recognition, along with a comprehensive
dataset containing diverse examples of fruits and
vegetables. The CNN model is trained on this dataset
using supervised learning techniques, where it learns
to extract relevant features from input images and
classify them into different fruit and vegetable
categories, to achieve accurate recognition results
making it suitable for real-time applications and
resource-constrained environments.

Il. RELATED WORK

A literature survey for an efficient CNN-based
framework for fruits and vegetables recognition
involves reviewing existing research papers, articles,
and publications related to similar topics.

In [1] Li, Z.etal (2019).The proposes a fruit and
vegetable recognition method based on a CNN with
improved performance. [2]
Nascimento,et.al(2020).To deep learning techniques
for fruit and vegetable classification, including CNN-
based approaches. [3] Koirala, A,et.al (2020).1t covers
deep learning techniques, including CNNs, for various
agricultural tasks, including fruit and vegetable
recognition.[4] Ma, J., etal (2020).A fruit and
vegetable recognition method based on CNNs with
data augmentation techniques. [5] Hu,H.et.al
(2020).An automated fruit and vegetable recognition
system utilizing CNNs and data augmentation
methods.[6] He, Z..et.al (2020).A fast and accurate
CNN model for fruit and vegetable classification,
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emphasizing efficiency.[7] Baheti,A. et.al
(2020).Fruit and vegetable recognition system based
on CNNs, focusing on consumer electronics
applications. [8] Tan, M..et.al (2019). EfficientNet:
Rethinking model scaling for convolutional neural
networks. [9] Wen, W.,et.al(2019). Embedded food
quality inspection system with efficient convolutional
neural network design.[10] Yu, Y..et.al (2019). Fruit
detection for strawberry harvesting robot in non-
clustered environments based on mask-RCNN.

I1l.  PROPOSED METHODOLOGY

The proposed methodology for the Efficient CNN-
Based Framework for Fruits and Vegetables
Recognition involves several key steps aimed at
achieving high accuracy and efficiency in dentifying
and classifying different types of fruits and vegetables.
Here's an outline of the methodology:

$COPE OF DATA
COLLECTION

TRANSFER LEARNING
AND FINE TUNING

TRAINING
STRATERGY

T T

MODEL EVALUATION

DEPLOYMENT AND
QPTIMIZATION

Figure 1: Step by step process
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3.1 DEFINING THE SCOPE AND
DATACOLLECTION

The framework for fruits and vegetables recognition,

gathering data involves several steps to ensure a

diverse and comprehensive dataset.

VARIABLITY OF THE NUMBER OF ELEMENT

Figure 2: Different poses

MANGO

TOMATO

Figure 3: Fruits and vegetables

Define Data Requirements:Clearly outline the types of
fruits and vegetables that need to be recognized.
Consider including a broad selection to ensure model
robustness across different produce types.

Quality Assurance:Perform quality checks on the
dataset to identify and rectify anomalies like
mislabeled images or poor quality photos. Remove
duplicates and ensure balanced representation across
different categories to prevent bias during training.
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Privacy and Ethics: Adhere to privacy and ethical
guidelines when collecting and using image data,
especially if it involves human subjects or sensitive
information. Obtain necessary permissions and
consent for data collection, respecting individuals'
rights and privacy.

3.2.DATA PREPROCESSING:

In recognizing fruits and vegetables, the preprocessing
of data is essential to ensure that the dataset is well-
prepared for model training. Here's a breakdown of
how data preprocessing can be carried out:

Uniform Image Resizing: Resize all images to a
consistent size to ensure uniformity in input
dimensions. This aids in reducing computational
complexity during both training and inference stages.
Opt for an appropriate image size based on the input
requirements of the chosen CNN architecture within
the framework.

Normalization of Pixel Values: Normalize pixel
values to a standardized scale, typically ranging
between 0 and 1.Standardize the mean and variance of
pixel values across the dataset to enhance the stability
and acceleration of the training process.

Strategic Data Splitting: Divide the preprocessed
dataset into distinct training, validation, and test sets.
The training set is utilized for model training, while
the validation set aids in hyperparameter tuning and
assessing model performance during training. The test
set is then used for final model evaluation. Ensure
equitable distribution of images across all subsets,
preventing biased performance evaluations.

Optional Data Balancing Technique: Address dataset
imbalance, if present, through techniques such as
oversampling, undersampling, or class weighting.
These methods help in balancing the distribution of
samples across different categories, mitigating biases
toward majority classes. Serialization of Data:
Serialize the preprocessed dataset into a suitable
format for efficient storage and retrieval during model
training. Common formats include HDF5, TFRecord,
or NumPy arrays. Additionally, serialize metadata
such as class labels and dataset statistics to facilitate
reference during model evaluation and deployment.
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Efficient Data Augmentation Pipeline: Implement a
streamlined data augmentation pipeline leveraging
libraries like TensorFlow Data Augmentation
(tf.image) or OpenCV. Such pipelines allow for on-
the-fly augmentation during model training, thereby
reducing memory overhead and expediting data
loading.

3.3. MODEL SELECTION AND
ARCHITECTURE DESIGN:

Figure 4: Architecture diagram

To selecting an appropriate model architecture is
crucial for achieving high accuracy while maintaining
computational efficiency. Here's how model selection
and architecture design can be approached.

Research Existing Architectures: Explore existing
CNN architectures that are known for their efficiency
and effectiveness in image classification tasks.
Architectures like MobileNet, EfficientNet, and
SqueezeNet are popular choices due to their
lightweight design and computational efficiency.
Consider Model Size and Complexity: Assess the
trade-off between model size, computational
requirements, and accuracy. In an efficient framework,
prioritize models that strike a balance between these
factors, favoring architectures with fewer parameters
and lower computational complexity.

Regularization and  Optimization:  Incorporate
regularization techniques such as dropout or L2
regularization to prevent overfitting and improve
generalization. Optimize hyperparameters such as
learning rate, batch size, and optimizer choice to fine-
tune model performance and convergence speed.
Evaluate Performance Metrics: Assess the
performance of different architectures using metrics
such as accuracy, computational efficiency, and
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inference speed. Conduct experiments to compare the
trade-offs between different models and select the one
that best meets the requirements of the framework.

Transfer Learning and Fine-tuning: Leverage transfer
learning by initializing the model with weights pre-
trained on a large-scale dataset such as ImageNet.
Fine-tune the model on the fruit and vegetable dataset
to adapt it to the specific characteristics of the task.

3.4. TRANSFER LEARNING AND FINE-TUNING

Transfer learning and fine-tuning are crucial
techniques for leveraging pre-trained models and
adapting them to the specific task at hand. Here's how
these techniques can be applied.

Transfer Learning: Start by selecting a pre-trained
CNN model that has been trained on a large-scale
dataset such as ImageNet. Models like VGG, ResNet,
Inception, MobileNet, or EfficientNet are commonly
used for transfer learning. Transfer learning involves
using the pre-trained model as a feature extractor,
where the learned representations of the model's
earlier layers are preserved, and only the final layers
are replaced or retrained for the target task. By
leveraging the feature representations learned from a
diverse dataset like ImageNet, the model can capture
generic features such as edges, textures, and patterns,
which are beneficial for recognizing fruits and
vegetables.

Fine-Tuning:After initializing the pre-trained model,
fine-tuning involves further training the model on the
target dataset of fruits and vegetables to adapt its
learned representations to the specific characteristics
of the task. Fine-tuning typically involves unfreezing
some of the earlier layers of the pre-trained model
while keeping the later layers frozen. This allows the
model to learn task-specific features while retaining
the previously learned generic features. Gradually
unfreeze additional layers as needed and continue
training until convergence. Monitor the model's
performance on a validation set and adjust
hyperparameters such as learning rate and
regularization to optimize performance.

Evaluation and Monitoring:Evaluate the fine-tuned
model on a separate validation set to assess its
performance and generalization ability. Monitor key
performance metrics such as accuracy, precision,
recall, and F1-score during training and validation to
track the model's progress and identify potential
issues.
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3.5. TRAINING STRATEGY:
3.5.1.0PTIMIZING TRAINING FOR FRUIT
&VEGETABLE RECOGNITION CNNs:

B e

This section details a comprehensive training strategy
specifically designed for Convolutional Neural
Network (CNN) models tasked with fruit and
vegetable recognition. This strategy prioritizes
achieving optimal performance and strong
generalization  capabilities  while  maintaining
efficiency.

Strategic Data Splitting:Divide the preprocessed
dataset into training, validation, and test sets. The
training set fuels the model's learning, the validation
set guides hyperparameter tuning, and the test set
provides a final, unbiased evaluation. Ensure all sets
represent a balanced distribution of fruit and vegetable
classes.

Leveraging Pre-trained Knowledge: Initialize the
CNN with weights pre-trained on a large dataset like
ImageNet. These weights capture features relevant to
object recognition, including those potentially useful
for fruits and vegetables. Initially freeze the weights in
early layers to prevent drastic changes during training.
Iterative Training and Validation: Train the CNN on
the training set using batches of preprocessed images.
Monitor training progress by tracking metrics like loss
and accuracy on both the training and validation sets.
Regularly validate the model on the validation set
(e.g., after each epoch) to identify overfitting and
adjust hyperparameters as needed. Continue training
until the model converges or validation set
performance plateaus.

Optional Fine-tuning for Refinement: After initial
training, consider fine-tuning the entire model. This
involves unfreezing some or all layers and retraining
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them with a lower learning rate. Fine-tuning allows the
model to further adapt its learned representations to
the specific characteristics of the target fruit and
vegetable dataset.

3.6. MODEL EVALUATION &

VALIDATION:

Absolutely, model evaluation and validation are
crucial steps in any machine learning framework,
including those based on Convolutional Neural
Networks (CNNs) for tasks like fruits and vegetables
recognition. Here's a breakdown of the process:
Training Data : The first step is to collect and
preprocess a diverse dataset of fruits and vegetables
images. This dataset should cover a wide range of
variations in terms of shapes, sizes, colors, lighting
conditions, backgrounds, and occlusions.

Splitting Data : Divide the dataset into three subsets:
training set, validation set, and test set. The training set
is used to train the model, the validation set is used to
tune hyperparameters and monitor the model's
performance during training, and the test set is used to
evaluate the final performance of the trained model.
Model Architecture: Choose an appropriate CNN
architecture for the recognition task. Common
architectures for image recognition tasks include
AlexNet, VGG, ResNet, and Inception.

Validation: Evaluate the performance of the trained
model on the validation set. This step helps in tuning
hyperparameters and detecting issues such as
overfitting.

Testing: Once the model is trained and fine-tuned,
evaluate its performance on the test set. This step
provides an unbiased estimate of the model's
performance on unseen data.

Deployment: Once satisfied with the model's
performance, deploy it in a real-world application for
fruits and vegetables recognition.
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3.7.DEPLOYMENT & OPTIMIZATION:

Through model evaluation is pivotal in an efficient
CNN-based framework for recognizing fruits and
vegetables. Here's a detailed approach

Validation Set Evaluation: Assess the trained model
on a distinct validation set to spot any potential issues
like overfitting or underfitting. Compute key
evaluation metrics including accuracy, precision,
recall, Fl-score, and confusion matrix to gauge
performance across various classes. Visualize model
predictions to discern patterns of success and areas of
difficulty.

Cross-Validation (Optional):If dataset size allows,
consider cross-validation for more robust performance
estimates. This entails splitting the dataset into folds,
training the model on subsets, and assessing
performance on remaining folds. Compute average
evaluation metrics across all folds to evaluate
generalization ability.

Test Set Evaluation: Once model hyper parameters are
finalized, assess performance on an independent test
set not used for training or validation. This ensures an
unbiased estimate of real-world performance.
Compute evaluation metrics, mirroring those from the
validation set, such as accuracy, precision, recall, and
F1-score. Compare performance on the test set with
that on the validation set to ensure consistency and
reliability.

Error Analysis: Analyze misclassifications to discern
common error patterns and areas of model struggle.
This analysis provides insights for future
enhancements. Identify frequently misclassified
patterns or classes and consider collecting additional
training data or adjusting model architecture to address
these challenges.

4.RESULTS & DISCUSSION:

You would typically aim for the following results.
High Accuracy : The model should achieve high
accuracy in classifying fruits and vegetables correctly.
This accuracy should be consistently high across
different subsets of the dataset, indicating robust
generalization.

Generalization : The model should generalize well to
unseen fruits and vegetables, meaning it can
accurately classify images it hasn't been trained on.
This ensures that the model can perform effectively in
real-world scenarios where it encounters novel
examples.
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Low Overfitting : Overfitting occurs when the model
performs well on the training data but poorly on
unseen data. An efficient framework should mitigate
overfitting by using techniques like dropout, data
augmentation, and regularization to ensure the model
learns meaningful features rather than memorizing the
training data.

Fast Inference Time : The inference time, i.e., the time
taken by the model to process an input image and
produce a classification output, should be fast enough
to be practical for real-time applications. Efficient
CNN architectures and optimization techniques can
help reduce inference time without sacrificing
accuracy significantly.

Interpretability: While not strictly necessary for
performance, interpretability can be beneficial for
understanding why the model makes certain
predictions. Techniques like visualization of
activation maps and feature attribution methods can
help provide insights into the model's decision-making
process.

Fruits and vegetables recognition

Q4~26%

B86~-89% |
YOLO Adv CNN
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Scalability:The framework should be scalable to
handle large datasets and accommodate future
expansions or improvements. This includes efficient
data loading, training, and inference pipelines, as well
as compatibility with distributed computing
frameworks for training on large clusters.

Dashboard

5. CONCLUSION

In proposes an efficient convolutional neural network
(CNN) framework for the recognition of fruits and
vegetables, the concluding section typically
encapsulates the following crucial elements: A
succinct recapitulation of the proposed CNN model's
architecture, delineating the number of layers, their
types (convolutional, pooling, fully connected), and
any specific modifications or enhancements
incorporated. An evaluation of the CNN model's
performance, summarizing the achieved results in
terms of accuracy, precision, recall, or other relevant
metrics. A highlight of the key advantages and
strengths of the proposed CNN framework, such as
improved recognition accuracy, faster inference time,
better generalization to diverse datasets, or robustness
to variations in illumination, scale, or viewpoint. A
discussion of the potential applications of the
developed CNN-based recognition system in various
domains, including agriculture, food industry, retail,
or any other relevant areas where accurate fruit and
vegetable recognition can be beneficial. An
acknowledgment of any limitations or challenges
encountered during the development or evaluation of
the CNN model, along with suggestions for potential
ways to address them in future work.A CNN-based
framework for fruits and vegetables recognition,
emphasizing its potential impact and importance in the
field of computer vision and agricultural applications.
The conclusion should be clear, concise, and provide
a comprehensive overview of the proposed approach,
its advantages, and its potential impact, while also
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acknowledging any limitations and suggesting future
research directions.

REFERENCES:

In [1] Li, Z.et.al (2019).The proposes a fruit and
vegetable recognition method based on a CNN with
improved performance.[2] Nascimento,et.al(2020).To
deep learning techniques for fruit and vegetable
classification, including CNN-based approaches.[3]
Koirala, A.etal (2020).1t covers deep learning
techniques, including CNNs, for various agricultural
tasks, including fruit and vegetable recognition.[4]
Ma, J., et.al (2020).A fruit and vegetable recognition
method based on CNNs with data augmentation
techniques.[5] Hu,H. et.al (2020).An automated fruit
and vegetable recognition system utilizing CNNs and
data augmentation methods.[6] He,Z.,et.al (2020).A
fast and accurate CNN model for fruit and vegetable
classification, emphasizing efficiency.[7]
Baheti,A.,et.al (2020).Fruit and vegetable recognition
system based on CNNs, focusing on consumer
electronics applications. [8] Tan, M..etal (2019).
EfficientNet:  Rethinking model scaling for
convolutional ~ neural  networks. [9] Wen
W.,et.al(2019). Embedded food quality inspection
system with efficient convolutional neural network
design.[10] Yu, Y..etal (2019). Fruit detection for
strawberry  harvesting robot in non-clustered
environments based on mask-RCNN.

IJIRT 164209 INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY

1439



