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ABSTRACT 

 

According to some estimates of World Health Organization, in 2016, more than 1.9 

billion adults were overweight. About 13% of the world's adult population were 

obese. 39% of adults were overweight. The worldwide prevalence of obesity more 

than doubled between 1980 and 2021. Nowadays, mobile applications recording 

food intake of people become popular. If an improved food classification system is 

introduced, users take the photo of their meals and system classifies photos into the 

categories. Hence, we proposed a convolutional neural network(CNN) structure 

trained on a pre-trained model eficientNetB04. Three different transfer learning 

based convolutional neural networks were trained using different learning methods:  

- feature extraction with top 2 layers,  

- fine-tuning with mixed precision training over 10 more layers unfreezed,  

- fine-tuning with mixed precision training over 10 more layers unfreezed with an 

extra augmentation_layer over the input dataset. 

- fine-tuning with mixed precision training with all layers unfreezed. 

Train, validation and test datasets were generated from Food101 dataset. All tests 

were implemented through NVIDIA Server interface on K80s through Google’s 

Colab. According to the test results, although pre-trained models provided better 

results than proposed structures, their performances were comparable. Moreover, 

learning optimization methods accelerated and improved the performances of all the 

compared models. 
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CHAPTER 1 

INTRODUCTION 

 

1.1 INTRODUCTION: 

Accurate estimation of dietary caloric intake is important for assessing the 

effectiveness of weight loss interventions. Current methods for dietary assessment 

rely on self-report and manually recorded instruments (e.g., 24-hour dietary recall 

and food frequency questionnaires). Though the 24-hour dietary recall is the gold 

standard for reporting, this method still experiences bias as the participant is 

required to estimate their dietary intake (short and long term). Assessment of dietary 

intake by the participant can result in underreporting and underestimating of food 

intake.  In order to reduce participant bias and increase the accuracy of self-report, 

enhancements are needed to supplement the current dietary recalls. One of the 

potential solutions is a mobile cloud computing system, which is to employ mobile 

computing devices (e.g., smartphone) to capture the dietary information in natural 

living environments and to employ the computing capacity in the cloud to analyse 

the dietary information automatically for objective dietary assessment.  Among the 

large selection of mobile cloud computing software for health, many have proposed 

to improve dietary estimates.  While these apps have features to track food intake, 

exercise, and save data in the cloud, the user has to manually enter all their 

information. To overcome these barriers, some research and development efforts 

have been made over the last few years for visual-based dietary information 

analysis.  While progresses have been made, how to derive the food information 

(e.g., food type) from food image effectively and efficiently remains a challenging 

and open research problem. In this paper, we propose  Transfer learning-based 

food image recognition to address this challenge. The proposed approach is based 

on Convolutional Neural Network (CNN) model EfficientNetB0 with a few major 

optimisations and . The experimental results of applying the proposed approach to 

a real-world datasets have demonstrated the effectiveness of our solution. The rest 

of the paper is organised as follows. Introduction to visual-based food recognition, 

details on the proposed Transfer learning-based approach for food image 

recognition, implementation details and the evaluation results of our proposed 

algorithms and finally I conclude with some remarks. 
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1.2 OUTLINE OF THE PROJECT: 

 

• Using TensorFlow Datasets to download and explore data 

• Creating preprocessing function for our data 

• Batching & preparing datasets for modelling 

• Creating modelling callbacks 

• Setting up mixed precision training 

• Building a feature extraction model  

• Fine-tuning the feature extraction model  

• Viewing training results on TensorBoard 
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AIM AND SCOPE OF THE PRESENT INVESTIGATION 

 

 

2.1 AIM: 

 In this work, I’ve implement a real-time food classification system using 

transfer learning using an existing pertained model (efficientNetB4).  Using it as a 

base model for feature-extraction model, fine-tuning it to achieve the top accuracy 

with softmax activation and a learning rate of 
1

𝑒3
 which is 10 times slower than normal 

learning rate. 

 

2.2 SCOPE: 

 In the process of selecting the most suitable classification method for this 

scheme, several supervised algorithms were tested and compared in python using 

keras, a powerful open-source set of machine learning libraries that also includes 

pre-trained models and datasets.  Space_categorical_crossentropy optimised by 

Adam optimizers is used to obtain more accurate performance results, measuring 

in each experiment: 

- feature extraction with top 2 layers,  

- fine-tuning with mixed precision training over 10 more layers unfreezed,  

- fine-tuning with mixed precision training over 10 more layers unfreezed with an 

extra agumentation_layer over the input dataset. 

Having a ModelCheckpoint to store the weights of the model with best validation 

accuracy. 

- fine-tuning with mixed precision training with all layers unfreezed. 

Has a special call back function to initiate early stop by monitoring validation loss 

with a patience of continual 3 losses. 

 

 

 

 

CHAPTER 3 
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EXPERIMENTAL OR MATERIALS, METHODS AND ALGORITHMS 

USED 

 

3.1 MODULES / METHODS : 

 

3.1.a Tensorflow: 

 TensorFlow is an end-to-end open source platform for machine learning. It 

has a comprehensive, flexible ecosystem of tools, libraries and community 

resources that lets researchers push the state-of-the-art in ML and developers easily 

build and deploy ML powered applications. 

3.1.b Tensorflow_datasets: 

 TensorFlow Datasets is a collection of datasets ready to use, with 

TensorFlow or other Python ML frameworks, such as Jax. All datasets are exposed 

as tf.data.Datasets , enabling easy-to-use and high-performance input pipelines. 

3.1.c Matplotlib: 

 An open-source Python 2D plotting library. matplotlib helps you visualize 

different aspects of machine learning. 

3.1.d Tensorboard: 

 The dashboard that displays the summaries saved during the execution of 

one or more TensorFlow programs. 

3.1.e tf.keras: 

 A popular Python machine learning API. Keras runs on several deep learning 

frameworks, including TensorFlow, where it is made available as tf.keras. 

3.1.f ModelCheckpoint: 

 Data that captures the state of the variables of a model at a particular time. 

Checkpoints enable exporting model weights, as well as performing training across 

multiple sessions. Checkpoints also enable training to continue past errors (for 

example, job preemption). Note that the graph itself is not included in a checkpoint. 

3.1.g ReduceLROnPlateau: 

 Reduce learning rate when a metric has stopped improving. 

 

3.1.h Adam: 

https://www.tensorflow.org/api_docs/python/tf/data/Dataset
https://matplotlib.org/
https://keras.io/
https://www.tensorflow.org/api_docs/python/tf/keras
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 Adam, which stands for ADAptive with Momentum. Implements Adam 

algorithm which automates the optimization using gradient over momentum. 

3.1.i Softmax: 

 A function that provides probabilities for each possible class in a multi-class 

classification model. The probabilities add up to exactly 1.0. For example, softmax 

might determine that the probability of a particular image being a dog at 0.9, a cat 

at 0.08, and a horse at 0.02. (Also called full softmax.) 
3.1.j Sparse_categorical_crossentropy: 

  Computes the crossentropy loss between the labels and predictions.  Use 

this crossentropy loss function when there are two or more label classes.  We expect 

labels to be provided as integers. 

3.1.k EarlyStopping: 

 A method for regularization that involves ending model 

training before training loss finishes decreasing. In early stopping, you end model 

training when the loss on a validation dataset starts to increase, that is, 

when generalization performance worsens. 
3.1.l SavedModel: 

 The recommended format for saving and recovering TensorFlow models. 

SavedModel is a language-neutral, recoverable serialization format, which enables 

higher-level systems and tools to produce, consume, and transform TensorFlow 

models. 

 

3.2 EXTERNAL RESOURCES: 

 

3.2.a Colab: 

 Colaboratory, or 'Colab' for short, allows you to write and execute Python / 

Swift in your browser, with 

• Zero configuration required 

• Free access to GPUs 

• Easy sharing 

 

 

3.2.b Colab GPU: 

https://developers.google.com/machine-learning/glossary?hl=en%252523multi-class
https://developers.google.com/machine-learning/glossary?hl=en%252523multi-class
https://developers.google.com/machine-learning/glossary?hl=en%252523regularization
https://developers.google.com/machine-learning/glossary?hl=en%252523validation_set
https://developers.google.com/machine-learning/glossary?hl=en%252523generalization
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 The types of GPUs that are available in Colab vary over time. This is 

necessary for Colab to be able to provide access to these resources for free. The 

GPUs available in Colab often include Nvidia K80s, T4s, P4s and P100s. There is 

no way to choose what type of GPU you can connect to in Colab at any given time.  

3.2.c Dataset: 

 This dataset consists of 101 food categories, with 101'000 images. For each 

class, 250 manually reviewed test images are provided as well as 750 training 

images. On purpose, the training images were not cleaned, and thus still contain 

some amount of noise. This comes mostly in the form of intense colors and 

sometimes wrong labels. All images were rescaled to have a maximum side length 

of 512 pixels. 

• Homepage: https://data.vision.ee.ethz.ch/cvl/datasets_extra/food-101/ 

• Source code: tfds.image_classification.Food101 

• Version: 2.1.0 

• Download size: 4.65 GiB 

• Extracted size: 6.5 GiB 

3.2.d EfficientNetB0: 

 This TF-Hub module uses the Keras based implementation of EfficientNet-

B0 . The default signature is used to classify images. S to Besides, the module 

contains a trained instance of the network, packaged to do the image classification 

that the network was trained on. We also offer a set of feature vectors to fit 

different downstream tasks. 

• Homepage: https://tfhub.dev/tensorflow/efficientnet/b0/classification/1 

• Source code: tf.keras.applications.efficientnet.EfficientNetB0 

• Version: V5 

• Download size: 19.26MB 

• Format:TF2.0 Saved Model 

• Fine Tunable: Yes 

• License: Apache-2.0 

 

 

3.2.e Graph from Tensorboard: 

 TensorBoard’s Graphs dashboard is a powerful tool for examining your 

TensorFlow model. You can quickly view a conceptual graph of your model’s 

https://data.vision.ee.ethz.ch/cvl/datasets_extra/food-101/
https://github.com/tensorflow/datasets/tree/master/tensorflow_datasets/image_classification/food101.py
https://tfhub.dev/tensorflow/efficientnet/b0/classification/1
https://github.com/keras-team/keras/blob/v2.7.0/keras/applications/efficientnet.py%252523L526-L549
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structure and ensure it matches your intended design. You can also view a op-level 

graph to understand how TensorFlow understands your program. Examining the op-

level graph can give you insight as to how to change your model.  

For example, you can redesign your model if training is progressing slower than 

expected. 

 

3.3 ALGORITHMS: 

 

3.3.a Transfer Learning: 

 Transferring information from one machine learning task to another. For 

example, in multi-task learning, a single model solves multiple tasks, such as a deep 

model that has different output nodes for different tasks. Transfer learning might 

involve transferring knowledge from the solution of a simpler task to a more complex 

one, or involve transferring knowledge from a task where there is more data to one 

where there is less data. 

In other words, taking the patterns (also called weights) another model has learned 

from another problem and using them for our own problem. 

There are two main benefits to using transfer learning: 

• Can leverage an existing neural network architecture proven to work on 

problems similar to our own. 

• Can leverage a working neural network architecture which has already learned 

patterns on similar data to our own. This often results in achieving great results 

with less custom data. 

Different types of transfer learning are, as is, feature extraction and fine-tuning. 

1.  'As is" transfer learning is when you take a pretrained model as it is and 

apply it to your task without any changes. 

2. Feature extraction transfer learning is when you take the underlying patterns 

(also called weights) a pretrained model has learned and adjust its outputs 

to be more suited to your problem. 

https://developers.google.com/machine-learning/glossary?hl=en%252523deep_model
https://developers.google.com/machine-learning/glossary?hl=en%252523deep_model
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3. Fine-tuning transfer learning is when you take the underlying patterns (also 

called weights) of a pretrained model and adjust (fine-tune) them to your own 

problem. 

What this means is, instead of hand-crafting our own neural network architectures 

or building them from scratch, we can utilise models which have worked for others. 

And instead of training our own models from scratch on our own datasets, we can 

take the patterns a model has learned from datasets such as ImageNet (millions of 

images of different objects) and use them as the foundation of our own. Doing this 

often leads to getting great results with less data. 

Helpful if you don't have much data or vast compute resources. Use resources such 

as TensorFlow Hub or PyTorch Hub for broad model options and HuggingFace 

Fig 3.1 Kinds of Transfer Learning and their Working Architecture 
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transformers (NLP models) and Detectron2 (computer vision models) for specific 

models.Transfer learning is usually done for tasks where your dataset has too little 

data to train a full-scale model from scratch. 

The most common incarnation of transfer learning in the context of deep learning is 

the following workflow: 

1. Take layers from a previously trained model. 

2. Freeze them, so as to avoid destroying any of the information they contain 

during future training rounds. 

3. Add some new, trainable layers on top of the frozen layers. They will learn 

to turn the old features into predictions on a new dataset. 

4. Train the new layers on your dataset. 

 

3.3.b Data Augmentation: 

 Using the tf.keras.layers.experimental.preprocessing module a dedicated 

data augmentation layer can be created. Adding a data augmentation layer to the 

model has the following benefits: 

• Preprocessing of the images (augmenting them) happens on the GPU rather 

than on the CPU (much faster). 

● Images are best preprocessed on the GPU where as text and structured 

data are more suited to be preprocessed on the CPU. 

• Image data augmentation only happens during training so we can still export 

our whole model and use it elsewhere. And if someone else wanted to train 

the same model as us, including the same kind of data augmentation, they 

could. 

Fig 3.2 A TensorFlow workflow 
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To use data augmentation right within our model we'll create a Keras Sequential 

model consisting of only data preprocessing layers, we can then use this Sequential 

model within another Functional model. 

The data augmentation transformations we used are: 

• RandomFlip -  flips image on horizontal or vertical axis. 

• RandomRotation -  randomly rotates image by a specified amount. 

• RandomZoom - randomly zooms into an image by specified amount. 

• RandomHeight - randomly shifts image height by a specified amount. 

• RandomWidth - randomly shifts image width by a specified amount. 

• Rescaling - normalizes the image pixel values to be between 0 and 1 

 

3.3.c Mixed Precision Training: 

 Mixed precision is the use of both 16-bit and 32-bit floating-point types in a 

model during training to make it run faster and use less memory. By keeping certain 

parts of the model in the 32-bit types for numeric stability, the model will have a 

lower step time and train equally as well in terms of the evaluation metrics such as 

accuracy. This guide describes how to use the Keras mixed precision API to speed 

up your models. Using this API can improve performance by more than 3 times on 

modern GPUs and 60% on TPUs. 

Fig 3.3 Data Augmentation layer 
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CHAPTER 4 

 

RESULTS AND DISCUSSION, PERFORMANCE ANALYSIS 

 

4.1 MODEL WORKING ARCHITECTURE: 

4.2 PERFORMANCE ANALYSIS 

Fig 3.4 Check if  GPU is mixed precision ready 

Fig 4.1 Our Model’s Working Architecture 
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 The data set we used is Food-101 from tensorflow datasets. This dataset 

consists of 101 categories and each category has around 1000 images. Among the 

1,000 images, around 75% of them were used for training and the rest 25% were 

used for testing. There are 101,000 images in total in this dataset. However, since 

all these data were collected by food sharing websites, images do not contain any 

bounding box information indicating the food location. Each image only contains the 

label information indicating the food type. Most of the images are popular western 

food images. The implementation of our algorithm for this dataset is similar to the 

one used in Fig 4.1. We did adjust the parameters to fit for 101 food categories, and 

then used a base learning rate of 0.0001, a momentum of 0.9 and 14210 iterations. 

Based on the 1000-class pre-trained model on ImageNet dataset, we fine-tuned the 

model on Food-101 dataset, the accuracy is shown as the following table, and we 

have achieved a 79.13% top-1 accuracy. 

No of Iterations Top-1 accuracy 

2,000 75.05% 

4,000 77.03% 

6,000 78.08% 

8,000 79.13% 

10,000 78.04% 

12,000 78.84% 

14,000 78.8% 

15,000 77.3% 

Table 4.1 Comparison of accuracy on Food-101 at different iterations 

 
 



 

 13 

  

Fig 4.2 Validation accuracy on Food-101 at different iterations 
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CHAPTER 5 

Fig 4.3 Graph for the final model generated in tensorboard 
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SUMMARY AND CONCLUSION 

 

 

5.1 SUMMARY AND CONCLUSION: 

 Obesity is a disorder involving excessive body fat that increases the risk of 

type 2 diabetes and cardiovascular diseases. In 2016, about 13% of the world's 

adult population (11% of men and 15% of women) were obese. Accurate estimation 

of dietary intake is important for assessing the effectiveness of weight loss 

interventions. In order to reduce bias and improve the accuracy of self-report, we 

proposed new algorithms to analyze the food images captured by mobile devices 

(e.g., smartphone). The key technique innovation in this paper is the Transfer 

Learning-based food image recognition algorithms using efficientNetB0 model . Our 

proposed model is based on Convolutional Neural Network (CNN). Our 

experimental results on two challenging data sets using our proposed approach 

exceed the results from all existing approaches.  

 

In the future, we plan to improve performance of the algorithms and integrate our 

system into a realword mobile devices and cloud computing-based system to 

enhance the accuracy of current measurements of dietary caloric intake. 
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