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Abstract

This study explores the application of Convolutional Neural Networks (CNNs) in advancing
food engineering, specifically focusing on product development. Utilizing the visual
processing capabilities of CNNs, the research delves into analyzing food product
characteristics such as texture, shape, and color, which are critical in determining consumer
appeal and product success. The model is adept at identifying subtle variations in food products,
leading to insights into quality control and product optimization. The findings highlight the
integration of deep learning in food engineering, demonstrating its potential in enhancing
product design, consistency, and innovation. This approach not only streamlines the product
development process but also ensures higher standards of quality and consumer satisfaction.
The study signifies a transformative step in the field, leveraging technology to meet the

evolving demands of the food industry.
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Quality Control, Texture Analysis, Consumer Satisfaction.
1. Introduction

Food engineering plays a crucial role in the development of food products, where the focus is
not only on the nutritional value but also on consumer preferences regarding taste, texture, and
appearance [1] [2]. As the food industry evolves, there is an increasing need for innovative
approaches to enhance product development and quality control. Traditional methods of
assessing food products often involve subjective evaluations or time-consuming laboratory
tests [3] [4]. There is a growing need for more objective, efficient, and consistent methods to

analyze and improve food products.

This study introduces the application of Convolutional Neural Networks to address these
challenges in food engineering [5] 6]. The aim is to use CNNs to analyze visual data of food
products, providing detailed insights into texture, color, and shape, which are vital for
consumer appeal and product success. CNNs, with their layered architecture, are exceptionally

suited for processing complex visual data. They can automatically detect and learn patterns in
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images, making them ideal for assessing the quality and consistency of food products. This
capability is crucial for ensuring that products meet both industry standards and consumer

expectations [7].

The methodology involves collecting visual data of various food products, followed by
preprocessing and training the CNN model on this data. The model learns to identify key
characteristics that define product quality and appeal. Applying CNNs in food engineering is a
significant step towards modernizing the field. It enables more precise control over product
development processes, leading to improved quality and innovation. This approach also has

the potential to enhance consumer satisfaction by consistently meeting their expectations.
2. Materials and Methods

Initially, the process begins with the collection of a comprehensive set of visual data, which
includes high-resolution images of various food products. This data is crucial as it serves as the
input for our CNN model. The images are meticulously gathered to represent a wide range of
food products, focusing on different textures, colors, shapes, and sizes, reflecting the diversity
in consumer products. Following data collection, the next critical step is data preprocessing.
This involves resizing and normalizing the images to ensure consistency in input format for the
CNN. Preprocessing also includes augmenting the data to increase the dataset's diversity, which
helps in training a more robust model. This step ensures that the model is not biased towards
specific types of food products and can generalize well across various categories. Once the data
is prepared, we proceed with designing and training the CNN model. This involves setting up
the CNN architecture with multiple convolutional layers, pooling layers, and fully connected
layers. Each layer in the CNN is designed to extract and learn different features from the
images, such as edges, textures, and patterns, which are crucial for assessing the quality and
characteristics of food products. The model training involves feeding the preprocessed images
into the CNN, allowing the model to learn and identify patterns and features in the data. This
phase is followed by rigorous validation and testing to ensure the model's accuracy and its
ability to generalize across different types of food products. After successful training and
validation, the CNN model is then applied to new, unseen images of food products. This step
is essential to evaluate the model's performance in real-world scenarios and its effectiveness in
providing insights for product development. Finally, the results obtained from the CNN
analysis are interpreted to derive conclusions and recommendations for improving food product

development. This involves analyzing the features identified by the model and understanding
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how this correlate with consumer preferences and industry standards. Figure 1 show the

proposed model.
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Fig 1: Proposed Model
2.1 Proposed CNN Structure

The structure of the CNN is meticulously designed to analyze and interpret visual data from
food products. The CNN architecture is composed of several layers, each serving a specific
function in the processing and analysis of the images. The initial layer of the CNN is the
convolutional layer, the core building block of the network. This layer uses a set of learnable

filters that convolve across the input images. As these filters slide over the images, they capture
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essential features such as edges, textures, and color gradients. These features are particularly
important in food product analysis for assessing qualities like ripeness, freshness, and
consistency. Following the convolutional layers are the pooling layers, which perform down-
sampling operations to reduce the spatial dimensions of the data. This reduction not only
decreases the computational load but also helps in extracting more robust features by providing
an abstracted form of the representation. After several convolutional and pooling layers, the
network includes fully connected layers. These layers take the high-level features extracted by
the convolutional and pooling layers and learn non-linear combinations of these features. The
fully connected layers are crucial for integrating all the learned features and for making final
predictions or classifications about the food products, such as identifying quality grades or
categorizing them into different types based on visual cues. Additionally, activation functions
like ReLU (Rectified Linear Unit) are employed after each convolutional layer to introduce
non-linear properties into the model, allowing it to learn more complex patterns in the data.
The final layer of the CNN typically consists of a softmax function, which is used for
classifying the images into various categories based on the learned features. In our study, this
CNN structure is optimized to handle the specific challenges of food product analysis. The
depth and breadth of the layers, the size of the filters, and the architecture's overall
configuration are tailored to effectively process and analyze the wide range of visual data
characteristic of food products. This enables the CNN to accurately assess and provide insights
into product development, considering factors like appearance, texture, and overall quality,

which are critical in the field of food engineering.
3. Results and Analysis
3.1 Simulation Setup
Based on Food 101 Dataset we continue the evaluation of the proposed study [8].
3.2 Evaluation Criteria

Model Accuracy: Figure 2 a, depicts the accuracy of the model for different food types.
Accuracy measures the proportion of total predictions that are correct. The chart shows that the
model performs exceptionally well with Pasta and Seafood, indicating a high degree of
correctness in identifying and categorizing these food types. The slightly lower accuracy for
Fruits and Dairy suggests areas for model improvement, perhaps due to the greater variability

in appearance within these categories.
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Model Precision: Figure 2 b, illustrates the precision of the model, which is the proportion of

positive identifications that were actually correct. High precision in Bakery and Dairy products

indicates that the model is highly reliable when it predicts these categories. The lower precision

for Fruits might be due to the model incorrectly categorizing some of the fruit images, possibly

because of similarities in color and texture with other food types

Model Recall: Figure 2 c, represents the recall of the model, which measures the proportion

of actual positives that were correctly identified. The model shows high recall for Pasta and

Seafood, implying it is proficient in identifying most instances of these categories in the

dataset. However, the recall is comparatively lower for Bakery items, suggesting that the model

may be missing some true Bakery images, perhaps due to their diverse range of appearances

Each of these metrics provides a different perspective on the model’s performance, highlighting

its strengths and areas for improvement. The high accuracy in certain food types demonstrates

the model's overall effectiveness, while the variations in precision and recall across different

categories indicate the need for further fine-tuning, especially in more diverse and challenging

food categories. This evaluation is crucial for understanding how well the CNN model can be

applied in real-world scenarios of food engineering and product development

Model Accuracy by Food Type
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Fig 2: Performance Evaluation

4. Conclusion
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The conclusion of our study on the application of Convolutional Neural Networks (CNNs) in

food engineering and product development presents a significant stride in the field of food
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technology. The study successfully demonstrated the potential of CNNs in analyzing and
categorizing various food products based on visual attributes. The efficacy of the model was
distinctly observed across different food types, as shown in the performance metrics of
accuracy, precision, and recall. High accuracy in categories like Pasta and Seafood indicates
the model's robustness in correctly identifying and classifying these items. However, the
variation in performance across different food types, such as lower precision in Fruits and recall
in Bakery items, highlights the need for further model refinement to accommodate the diverse
characteristics inherent in these categories. This study underscores the transformative impact
of deep learning in food product analysis, offering a novel, objective, and efficient approach
for quality assessment and development in the food industry. The insights gained from this
research pave the way for more advanced applications of CNNs in food engineering, promising
enhancements in product consistency, quality control, and consumer satisfaction. Furthermore,
these findings open avenues for future research, particularly in the optimization of CNN models
to handle a broader range of food products with varying textures, colors, and shapes, enhancing

their applicability and reliability in real-world scenarios.
5. References

[1] Datta, A.K., 2016. Toward computer-aided food engineering: Mechanistic frameworks for
evolution of product, quality and safety during processing. Journal of Food Engineering, 176,

pp.9-27.

[2] Saguy, L.S., 2016. Challenges and opportunities in food engineering: Modeling,

virtualization, open innovation and social responsibility. Journal of food engineering, 176,

pp.2-8.
[3] Berk, Z., 2018. Food process engineering and technology. Academic press.
[4] Hu, R., 2017. Food product design: a computer-aided statistical approach. Routledge.

[5] Neethirajan, S., Ragavan, V., Weng, X. and Chand, R., 2018. Biosensors for sustainable

food engineering: challenges and perspectives. Biosensors, 8(1), p.23.

[6] Nayak, J., Vakula, K., Dinesh, P., Naik, B. and Pelusi, D., 2020. Intelligent food processing:
Journey from artificial neural network to deep learning. Computer Science Review, 38,

p.100297.

4190




IJFANS INTERNATIONAL JOURNAL OF FOOD AND NUTRITIONAL SCIENCES

ISSN PRINT 2319 1775 Online 2320 787
Research Paper © 2012 IJFANS. All Rights Reserved
[7] Zhu, L., Spachos, P., Pensini, E. and Plataniotis, K.N., 2021. Deep learning and machine

vision for food processing: A survey. Current Research in Food Science, 4, pp.233-249.

[8] Wang, X., Kumar, D., Thome, N., Cord, M. and Precioso, F., 2015, June. Recipe recognition with
large multimodal food dataset. In 2015 IEEE International Conference on Multimedia & Expo
Workshops (ICMEW) (pp. 1-6). IEEE.

T.zé‘éf. ll*/\l\l% o

lnlclnul‘ouul Journal ot
food And Mutritional Sciences



