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Abstract
Nutritional estimation is the growing research area within the domain of computer vision and deep
learning for a balanced and healthy diet. Innovations in computer vision recently have shown greater
improvements in food classification and analysis of nutritional values. Convolutional neural networks
(CNNs) have resulted in a greater efficiency in the extraction of visual characteristics of food images. This
paper proposes a fine-tuned EfficientNetB4 model along with multilayer perceptron (MLP), which resulted
in an accuracy of 85% for food image classification. MLP regressor takes the feature vectors extracted from
CNN backbone EfficientNetB4 for predicting nutritional values. The model is trained on Food-101 dataset
with nutritional values metadata sourced from various sources to estimate nutritional targets. However,
nutritional value estimation still presents a challenge due to mixed dishes and indefinite portion sizes.
The dataset is preprocessed by normalization and resizing the food images, while nutritional labels are
scaled using StandardScaler(). The model is also evaluated on various metrics such as mean absolute error
and mean squared error and resulted in 0.30 mean absolute error and 0.21 mean squared error for
estimating the nutritional values. Thus EfficientNet, complemented with an MLP, offers a robust
framework for tackling the challenges posed by large-scale and varied datasets like Food-101 in the
context of nutritional analysis. This hybrid model leverages the strengths of CNNs for fine-grained image
feature extraction and the ability of MLPs to handle the final classification tasks, thereby enhancing the
accuracy and reliability of predictions in real-world applications.
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Keywords: efficientnetb4, cnn, mlp, food-101 dataset, nutritional values

Introduction
In light of the present push for dietary health and calorie literacy, automated food recognition systems can
greatly facilitate the task of determining the caloric content and nutritional value of food, or even set up a
diet tracking system to assist patients or obese individuals in avoiding unhealthy food choices. The
significance of nutritional information, finding credible sources, and interpreting it for individual
requirements are key to responsible use in diet planning and health management. Integration of
Convolutional Neural Networks (CNNs) into numerous areas has advanced machine learning and deep
learning frameworks. CNNs are best at processing picture data but can also handle other jobs. Various
study results suggest certain CNN integration methods. CNNs are integrated using visualization
approaches to understand neural network behavior beyond performance measurements. Visualizing input
and output pictures may reveal CNN performance, especially in image restoration. These solutions
improve CNN architecture efficiency without affecting performance [1]. CNNs learn signal direction from
many antenna arrays for direction-finding. This shows their flexibility beyond picture categorization.
CNN integration with other deep learning architectures for difficult classification and regression problems
has improved performance when CNNs and Recurrent Neural Networks are merged [2]. CNN complexity
and resource intensity may be addressed by integrating quantization-based pooling algorithms inspired
by the bag-of-features paradigm. This method trains lightweight CNN architectures to classify images at
different sizes by lowering parameter count. This significantly improves CNN accessibility and efficiency
[3]. CNN-based image denoising approaches have been developed for image processing. CNNs are better
at handling noise-laden pictures than standard denoising algorithms, making them useful for image
restoration [4]. Evolutionary methods optimize CNN structures for particular applications, balancing
performance and computational economy. CNN is more applicable to many deployment situations
because of its multi-objective methodology, which develops design solutions for distinct computational
limitations [5]. CNNs and transfer learning are widely used in medical imaging, such as MR brain image
categorization. In accuracy and adaptability-intensive sectors, CNNs bring great value by customizing pre-
trained models [6]. Quantum CNNs are being studied for their ability to speed up processing while
preserving accuracy; however, quantum computing technology is still developing [7]. CNN architecture
EfficientNet strikes a good balance between performance and computational needs, making it a versatile
choice for food categorization applications to boost computational speed and efficiency. CNNs'
integration approaches increase picture classification, demonstrating their flexibility and adaptability
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across technology landscapes. A key design element of EfficientNet is its capacity to deliver state-of-the-
art performance with fewer parameters and quicker inference times than standard models. For example,
EfficientNet-B7 had 84.3% top 1 accuracy on ImageNet despite being 8.4 times smaller and 6.1 times
quicker than the previous best convnet. Multiple empirical investigations across applications demonstrate
the benefits of the EfficientNet design. Medical image analysis is successful using EfficientNet.
EfficientNet models provide great accuracy in brain tumor classification tests, improved as model
complexity grows, reaching 99.64% for the EfficientNet-B7 model. These high accuracy rates show the
model's clinical value in medical diagnosis. EfficientNet-B4 also classifies paddy illnesses with over 96%
accuracy in agriculture.

In this research, we make use of Food-101, a large dataset of food photos used for computer vision and
machine learning problems relating to food image detection and categorization. A total of 101 food
categories and 101,000 photos make up this collection. The dataset was generated as part of a broader
multimodal dataset project that integrates textual information with visuals to improve recipe recognition
[8]. The dataset uses visual and textual data to assist simple categorization to advanced recipe recognition
applications [8]. The Food-101 dataset has been widely used in research to enhance food picture
categorization using deep feature extraction and CNN model fine-tuning. Using deep features from pre-
trained models like AlexNet and VGGl6 for feature extraction and concatenation improves classification
performance. The Food-101 dataset is essential in computer vision for food picture analysis, allowing
researchers to build and test new food identification methods [8,9]. Due to the large degree of visual
variation in food and its intrinsic unpredictability, food picture recognition is a fine-grained
categorization problem. The high degree of similarity among subcategories and the large amount of
variety across classes makes food image identification more difficult than conventional image recognition.
The rise of nutrition-related illnesses throughout the globe has brought more attention to the significance
of maintaining good eating habits. Some cancers, food intolerance responses, obesity, and malnutrition
may be prevented with a healthy diet. Several methods exist that allow us to manually record our food
intake and identify foods before they are eaten. 

A key deep neural network design used in this paper is the multi-layer perceptron (MLP), with several
hidden layers for estimating nutritional targets. Using the models' design to extract features useful for
food item classification and nutritional content analysis is the key to applying them to the photos of food
from 101 distinct categories, with 1,000 photos per category, making up the Food-101 dataset. Dietary
monitoring and health apps are finding more and more uses for this large dataset, which offers a solid
foundation for training models to detect and evaluate nutritional values. The use of transfer learning,
which involves pretreating models on big picture datasets and then fine-tuning them on Food-101, greatly
improves the performance of these models. The scalability of EfficientNet can be especially useful in this
case because it lets the model be fine-tuned to accommodate different sized and complicated food images
without sacrificing accuracy alongside MLP for nutritional values estimation. MLPs are ideal for
applications that need complicated data patterns because their design captures complex connections [10].
Feedforward artificial neural networks like MLPs send data from input nodes to output nodes via hidden
layers [11]. MLPs' accuracy in complicated mappings makes them popular in classification issues. Sigmoid,
hyperbolic tangent, and other activation functions inject non-linearity into the model and impact decision
boundaries, affecting network performance [12]. 

Literature review
CNNs are highly effective in recognizing patterns and classifying images in various fields. It is possible
that the nutritional information extracted from food photographs is comparable to the complex patterns
extracted from biological datasets using CNNs in pharmacogenomics [13]. Also, deep networks can learn
nuances in data, which helps with food variety identification and composition analysis. EfficientNet
improves the scalability of CNNs for high-dimensional datasets such as Food-101 by achieving a balance
between accuracy and efficiency [14]. To facilitate feature extraction from complicated and dynamic data,
such as food images, these models can be fine-tuned for specific purposes, such as nutritional analysis,
after being pre-trained on big datasets. A CNN architecture fine-tuned model achieved 79.86% accuracy
on the Food-101 dataset [9]. Due to its excellent food identification algorithm benchmark, the dataset is
essential for developing nutritional monitoring apps. These algorithms are needed to monitor food
consumption and help diabetics estimate carbohydrate intake using food recognition systems [15].
Researchers have also considered adding diffusion model-generated synthetic food visuals to Food-101 as
real-world food picture classification applications face data shortages and class imbalance.

Using CNN designs such as SqueezeNet and VGG-16 represents a prominent technique. The study found
that SqueezeNet - known for its small size - was able to get a 77.20% accuracy with fewer parameters than
competing models, making it a viable choice for real-world deployment. As a result of being able to extract
more complicated features from food photos, the VGG-16 network, which now has higher depth [16],
significantly improved accuracy to 85.07%. Similar to the previous study, this one used CNNs to
successfully categorize a dataset of 16,643 food photos, reaching a remarkable accuracy of 92.86%. This
shows that CNNs can handle food category data distributions that are quite non-linear [17].
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Furthermore, when it comes to food identification and recognition tasks, CNNs outperform more
conventional methods such as support-vector-machine based approaches that rely on handmade
characteristics. Due to the inherent visual complexity of food photos, a study found that CNNs improved
accuracy and made good use of color as an important element in the extraction process. In order to detect
and identify food photos, Subhi and Md. Ali [18] debuted a newly created database for native Malaysian
cuisines, which include 5,800 food photos divided into 11 categories. In their groundbreaking
work, Mezgec and Seljak [19] introduced a CNN called NutriNet that could detect and recognize pictures of
food and drink. With 225,953 photos over 520 classes, this architecture was taught to identify foods and
drinks with an accuracy of 86.72%. Additionally, the architecture had a 55% success rate when tested on
images that people with Parkinson's disease had taken themselves using their smartphones. The model
was utilized by a mobile app to evaluate the diets of individuals with Parkinson's disease. Recently, novel
approaches integrating YOLO-Siam networks were created by making use of deep learning architectures
as Tiny-YOLO. These approaches demonstrated potential for widespread implementation in real-world
settings due to their ability to eliminate manual marking while still providing general recognition
accuracy [20].

Food-based dietary recommendations need well-designed food composition databases. These databases
must be complete, current, and properly characterize food products to avoid mistakes in nutrient intake
assessments and nutrient source identification [21]. The ONQI provides science-based nutritional advice.
This index scores food micronutrient and macronutrient qualities to assist customers pick meals that
meet dietary standards [22]. The Nutrition Labelling and Education Act requires product labels to provide
nutrition information to improve dietary choices. Mandatory labelling seeks to give useful information,
but its limits and how well it transmits nutritional information must be considered [23]. Effective
nutrition labelling, particularly on restaurant menus, promotes healthy eating. Detailed nutritional
information impacts customer decisions and the perceived value of better meals, demonstrating a
preference for healthy foods even at a greater cost [24]. Nutrition and exercise guidelines from the
American Cancer Society promote cancer prevention and wellness. This handbook emphasizes the
significance of community support for healthy decisions [25]. Nutrition is important in illness treatment.
In therapeutic settings, nutrition treatment and meal planning are essential to controlling different
health issues and improving patient outcomes [26]. Table 1 shows existing deep learning models and
results with various datasets for classifying foods.

Authors Food dataset used Model Techniques Accuracy

Sengur et al. [9] Food-101 AlexNet and VGG16 End-to-end CNN retraining 79.86%

Islam et al. [17] Food 11 Dataset Inception V3 Custom CNN 92.86%

Mezgec and Seljak [19] UNIMIB2016 NutriNet Custom CNN 86.72%

Pouladzadeh and Shirmohammadi [27] FoodDD Dataset Pre-trained CNN Submodular Optimization Method 94.11%

Yanai and Kawano [28] UEC Food 100 CaffeeNet Fine-Tuning Deep CNN Top5 - 94.85%

Pandey et al. [29] Food-101 Ensemble Ensemble with AlexNet, GoogleNet, ResNet Top10 - 95.95%

Liu et al. [30] UEC Food 256 GoogleNet Inception Custom CNN DeepFood Top5 - 95.2%

TABLE 1: Existing deep learning models and results with various datasets
CNN, Convolutional Neural Network

Materials And Methods
In the following section, we propose a framework that can be used to model food image dataset multi-
classification problems using EfficientNetB4 and nutritional values estimation through MLP.

Dataset and preprocessing
The Food-101 [31] dataset comprises 101 food items and each Food-101 category has 1,000 photos, giving
valuable data for food identification algorithm training and testing. Initially, the original dataset is divided
into two parts: 75% for training and 25% for testing. Furthermore, training data is split again in a 9:1 ratio.
Following this, the images needed for training, validation, and testing are 68175, 7575, and 25250,
respectively.
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FIGURE 1: Sample food images of Food-101 dataset
The Food-101 dataset [31] was used for this research. The Food-101 dataset is used in accordance with its intended
purpose for academic research and non-commercial use, as provided by the original authors. All rights belong to the
dataset authors.

The images of the Food-101 dataset are downsized to a specific dimension 380 × 380 pixels that is
compatible with the EfficientNetB4 model’s input layer and given to preprocessing function,
preprocess_input by Keras built in function. Data augmentation is commonly used to prevent overfitting
and improve model generalization. In order to generate new datasets, methods including horizontal
flipping, scaling, and rotation are used. The rotation range was set to 20, along with the width and height
shift ranges, was set to 0.2. The images are also horizontally flipped and fillest mode is set to nearest to fill
the empty space on the corner and enhance the image, in addition, a shear range and zoom range of 0.2.
Both the size of the training dataset and the model's ability to learn characteristics that are invariant
across small changes are enhanced by this.

Proposed methodology
We started with the input image from Food-101 dataset which is resized to 380 × 380 m pixels prior to
feature extraction and then fine-tuned for enhancing the performance. MLP is used to predict the
nutritional content after the food image has been identified correctly as shown in Figure 2. The detailed
structure of working of EfficientNetB4 and MLP to predict the nutritional values is represented in Figure
3.

FIGURE 2: Framework for the estimation of nutritional values

In this paper, data augmentation and an image size of (380,380,3) are used for the initial pre-processing of
the dataset. The EfficientNetB4 model was initially set up by Keras, and the feature selection output from
the model is used to launch a Global Average Pooling layer and then dropout layer to drop 50% of neurons.
A dense layer of 512 units with an activation function set to 'relu' is subsequently added. Next, we
incorporate the dropout layer into the model, setting the dropout rate to 30%. A dense layer with 101
classes and an activation function set to 'SoftMax' is used to take the output. Then, during feature
extraction for 15 epochs, the pre-trained model is frozen in order to stop learning from all of the layers.
Thereafter, the last 150 layers are unfrozen for fine tuning the model over 10 epochs to measure
appropriate metrics for loss and accuracy. The model is then compiled with the learning rate of 1e-5 using
Adam optimizer along with various callback functions such as EarlyStopping over metric val_accuracy to
prevent overfitting, ReduceLROnPlateau to reduce the learning rate when val_accuracy stops improving,
and ModelCheckpoint to preserve best model. The use of transfer learning, which involves pre-trained
models on vast datasets and then fine-tuning them on Food-101, greatly improves the performance of
these models. Using the models' design to extract features useful for food item classification and
nutritional content analysis is the key to applying them to the Food-101 dataset. The scalability of
EfficientNet can be especially useful in this case because it enables the model to be fine-tuned to
accommodate different sized and complicated food images without affecting performance. The accuracy
of food item identification and portion estimation is of the utmost importance in nutritional analysis. 
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FIGURE 3: Proposed architecture

MLP is further used for nutritional value assessment, which takes input, i.e., shape from Global Average
Pooling layer of CNN backbone and then a dense layer with 256 units, subsequently adding dropout layer
dropping 30% neurons. The dense layer serves as the output, and its six neurons stand for the following
nutritional values: calories, protein, carbohydrates, fat, sugar, and fiber, as shown in Figure 3. To predict
the nutritional values, data is being sourced from external sources and maintained in a CSV file with food
class as an index. The names of food classes are used to map class indices using the train generator. In
order to forecast dietary goals, the MLP uses a pre-trained feature extractor based on CNN to retrieve
information from training images. Each training image's class index is mapped using the names of food
classes and subsequently their nutritional value. We used Mean Squared Error (MSE) and Mean Absolute
Error (MAE) for evaluating the regression performance of the nutritional value predictor. By combining
the power of CNNs for coarse-grained feature extraction with that of MLPs for final classification tasks,
this hybrid model improves the precision and consistency of predictions for practical use. When combined
with MLPs, CNN EfficientNet offers a robust set of tools for extracting nutritional information from food
photos. By using these designs to datasets like Food-101, researchers in the fields of nutrition and
dietetics could gain invaluable insights from data and improve the accuracy of classification. 

MLPs are known for their pattern recognition, modelling, and prediction abilities across fields. CNNs are
best at processing picture data but can also handle other jobs in numerous areas with advanced machine
learning and deep learning frameworks. Visualizing input and output pictures may reveal CNN
performance, especially in image restoration. Despite CNNs' dominance in picture tasks, MLPs continue to
see heavy use in many domains because of their versatility and capacity to mimic complex nonlinear
interactions. With the help of CNN features, MLPs can categorize nutritional values when CNNs extract
broad traits. As a result of their ability to learn intricate decision boundaries free of structural biases,
MLPs are able to categorize alongside CNNs.

EfficientNeB4 is a part of the EfficientNet family used for classification of images with an input resolution
of 380 × 380 for improved accuracy with fewer parameters. EfficientNet, a complex model design,
drastically changes how Convolutional Neural Networks (ConvNets) are scaled to improve performance
and economy. Innovative scaling that balances network depth, breadth, and resolution with a single
compound coefficient is EfficientNet's foundation. This balanced approach improves model performance
more than typical scaling strategies, which concentrate on one or two dimensions and ignore others. The
architecture's movable inverted bottleneck convolution and deep separable convolutions provide efficient
feature extraction with good accuracy, recall, and F1-scores and low losses. EfficientNet demonstrates
superior performance in document image classification tasks, providing a more lightweight and effective
model relative to conventional, heavier CNNs. Its transfer learning features enable effective performance
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on smaller in-domain datasets, demonstrating its adaptability and efficiency across many contexts. 

Results And Discussion
Experimental setup
The experiments are carried out on desktop machine running on Windows 11 OS, AMD Ryzen 5 3550H
CPU with Radeon Vega Mobile Gfx (2.10 GHz), and 16 GB of RAM. The training and interpretation are
performed on CPU; no GPU was used to have the lightweight setup. Although the EfficientNetB4 was
computationally heavy, it was still deployable on CPU.

The feature extraction and fine-tuning of model are done over 25 epochs in total. The throughput of the
pipeline was increased by the use of effective data generators and batch processing; the batch size was set
to 32. Hyperparameters and loss function are used. StandardScaler() ensures faster convergence of the
MLP during training. This is implemented on Python v3.9.12 alongside libraries Tensorflow(v2.19.0),
Numpy(v2.0.2), Pandas (v2.2.3), Matplotlib (v3.9.4), and scikit-learn (v1.6.1).

Feature Extraction Results

The proposed model EfficientNetB4 has been trained for 15 epochs for feature extraction, and
corresponding metrics have been calculated for visual representation of model’s performance during
training. Figure 4 and Figure 5 represent the accuracy and loss incurred during training and on validating,
respectively. It is noted that the validation accuracy reached 70.29% at 15th epoch, as shown in Figure 4,
with validation loss dropping to 1.102, as demonstrated in Figure 5.

FIGURE 4: Training vs validation accuracy during feature extraction of
EfficientNetB4 model
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FIGURE 5: Training vs validation loss during feature extraction of
EfficientNetB4

Fine-Tuning Results

Furthermore, for fine-tuning, the feature-extracted model is trained for 10 epochs using pre-trained
weights to enhance performance in food image classification and improve accuracy. The fine-tuned model
demonstrates great improvements in validation accuracy, increasing from 70.29% to 79.68%, as shown in
Figure 6. Correspondingly, Figure 7 illustrates a reduction in validation loss during fine-tuning, indicating
that the model is effectively learning new features.
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FIGURE 6: Training vs validation accuracy during the fine-tuning of
feature-extracted EfficientNetB4 model

FIGURE 7: Training vs validation loss during the fine-tuning of feature-
extracted EfficientNetB4 model

Confusion Matrix Performance

The confusion matrix in Figure 8 indicates how the classification model is performing by calculating
correct and incorrect predictions of each respective class labelled 0-100 of the Food-101 dataset. The
classification report has been generated for a detailed summary of the model’s performance, including
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metrics such as precision - 0.85, recall - 0.85, and F1-score - 0.85 for each class in the dataset. 

FIGURE 8: Confusion matrix of EfficientNetB4 on Food-101

Food classes Bibimbap, Edamame, Macarons, and Seaweed salad at labels 7, 33, 63, and 88, respectively,
have shown great precision, recall, and F1-score, as indicated in Table 1.

Class Index in dataset Precision Recall F1-score

Bibimbap 7 0.94 0.94 0.94

Edamame 33 0.99 0.99 0.99

Macarons 63 0.95 0.98 0.97

Seaweed salad 88 0.95 0.94 0.94

TABLE 2: Precision, recall, and F1-score of EfficientNetB4 for few items in Food-101 dataset

For final evaluation 25,250 images are used for testing, and an accuracy of 85% is achieved for
classification of images of dataset using EfficientNetB4 coupled with MLP. 
 

MLP Training Results

Furthermore, MLP training of model for 50 epochs is done to predict nutritional values using various
metrics as represented in Figure 9 and Figure 10.
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FIGURE 9: Mean squared error during MLP training for EfficientNetB4
MLP, Multilayer Perceptron

FIGURE 10: Mean absolute error during MLP training for EfficientNetB4
MLP, Multilayer Perceptron

Predicted Sample Results

The predicted results of food image classification through EfficientNetB4 and nutritional estimation by
MLP are shown in Figure 11 and Figure 12. The figures shows that we have test image, and we have got
corresponding predicted image through CNN and estimation through MLP, which can be helpful in
tailoring dietary recommendations for individuals to avoid various chronic diseases.
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FIGURE 11: Sample result I

FIGURE 12: Sample result II

Conclusions
This paper proposes a model based on the transfer-learning-fine-tuned EfficientNetB4 model, which
achieves an accuracy rate of 85% on the Food-101 dataset and also mean absolute error of for nutritional
value predictor grounded on MLP. For nutritional analysis on large-scale and diverse datasets like Food-
101, a strong framework for dealing with these issues can be achieved by combining EfficientNetB4 with
an MLP. The fused model can improve the prediction of food categories and, possibly, nutritional values
from known data of food items within those categories by utilizing CNNs to extract detailed visual
features and MLPs for nuanced classification. There has been a shift in focus in recent years towards
dietary causes of chronic diseases and other health problems. Efforts to create more precise techniques of
assessing individual food intake have been spurred by the growing demand for systems that can monitor
and advice on dietary intake. In order to keep track of what people eat, a healthcare monitoring system
and dietary assessment are required. They plan their meals in advance so they can monitor their nutrient
intake. The preceding considerations, however, show that there are substantial obstacles to dietary
assessment, especially when it comes to precisely determining the nutrient consumption. There are still
many obstacles to reliably estimating nutrient intake, even if present approaches have demonstrated
promise in tackling the problem of food item recognition. One difficulty is that, depending on their
appearance, not all of the elements in a dish will be easily identifiable by sight or camera. Because of
differences in serving sizes and the impact of cooking, calculating the nutritional value is still challenging
even when all of the ingredients are known. Furthermore, the current technology for estimating volumes
is neither accurate nor robust enough. This is because things like food preparation, cooking, presentation,
and consumption can have a significant impact on the final form and appearance of food items.
Combining computer vision with artificial intelligence offers a particularly promising technique for food
detection and analysis, such as calculating meal portion size and nutrient content. However, accurately
measuring dietary intake is still a challenging research problem. Future research should improve by
adding a more diverse dataset and developing a more accurate model of food object identification, among
other areas where it falls short. Future iterations of this research should suggest a more precise approach
for measuring calories. While there is a great need for research into effective diet management strategies
in the health and food sciences, this research is just the beginning of a line of inquiry that will have far-
reaching positive effects on society. Image data augmentation was a game-changer for this research pre-
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processing phase, and the model's fine-tuning was the study's most innovative component. Our results on
controlled datasets show promising per-image nutrient prediction, but more testing is needed for real-
world deployment, particularly for mixed plates and changing portion sizes.

In the future using computer vision without human intervention could help create generalizable models
that can sort mixed food items which still possess challenges due to variability in food and handling
portion sizes. CNNs are great for sorting food pictures into groups because they can instantly pull out
features from photos without having to be manually added and with optimized pipeline real-time dietary
feedback can be provided through mobile app integration. The current work shows feasibility of using
datasets like Food-101, which has a lot of categories of food, and deep learning models like CNNs (ResNet
50 and EfficientNet) and MLPs to look at the nutritional values in a plate of food, still several potential
extensions and improvements can be further incorporated such as including user-specific data like health
conditions and dietary restrictions to recommend healthier alternatives. This area is still developing, but
it has the potential to change how we recognize and classify foods. This would make sure that whatever we
consume comply with the highest nutritional requirements and encourage healthier eating habits through
better information.
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