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Abstract

Rising incidences of obesity is a global concern. Practitioners in the field of obesity interventions, work around dietary
intake and physical activity. Extensive research is performed in the direction of correct logging of dietary intake, but
investigation demonstrates that automated dietary monitoring is more reliable than manual methods of food logging. An
image based dietary intake monitoring requires capturing food image, segmentation of food image to get distinct food
items, food identification & classification with calorie estimation. In this review, we first establish the popularity of
automated dietary monitoring as a strategy to control obesity with exhaustive and conclusive bibliometric analysis. We
then carry a comprehensive survey of computer vision-based methodologies for image based automated dietary monitoring
in processing the captured food image. A best combination of the food image segmentation, feature extraction and
classification methods which yield better accuracy is explored. With diverse multifood cuisines, the methods for food image
segmentation and classification are analysed to find the best suitable model for multi-food dishes, dishes with
accompaniments and garnishes. The paper gives experimental validations to the findings with Indian food image dataset
and shows that feature extraction techniques can leverage classification accuracy of state-of-the-art machine learning and
deep learning algorithm. The work thus critically analyses a combination of image segmentation, classification model in

multi-food Indian cuisine context.

Keywords: Food image dataset, food image segmentation, feature extraction, food image identification and classification, computer
vision, obesity management, image filters, Thali, Indian multifood

1. Introduction

There has been a significant growth in non-communicable
chronic diseases worldwide[1], over the past few years. The
World Health Organisation (WHO) report on Non
Communicable diseases (NCD) in India shows increased risk
in premature deaths due to diseases like - cardiovascular
disease (27%), cancer (9%), chronic respiratory disease
(11%), diabetes (3%) and other NCDs (13%) where obesity is
a significant risk factor[2]. Obesity is now looked upon as a
disease because it increases the risk of other life-threatening
diseases such as hypertension, heart disease, diabetes and
cancer|3]. People have become aware of the importance of
pursuing a healthy lifestyle which includes right eating habits,
physical activity and reducing occupational stress. Obesity is
a preventable disease and two major factors to control obesity
are - healthy eating habits and exercise. If diet is monitored
regularly by the patient under the supervision of dietician and
doctor, obesity can be controlled and treated[4]. The major
challenge in following this is to monitor the eating habits of
an individual and calibrate the food intake without
perceptions.
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Contemporary Dietary surveillance is executed by food
journaling with two popular approaches - manual approach
and automated food Image based surveillance approach. In
manual approach, the user enters a description of his meals
eaten in the day as a text data, which is based on perceptions
and being subjective, is found to be prone to human error with
missed information and time-consuming data entry. Whereas,
in Image based surveillance method, the user can upload the
food images of meals of that day making this method more
convenient and accurate[5]. State of art computer vision based
methodologies make further food identification, classification
and calorie estimation more accurate.

Web based information systems for automatic dietary
management became popular with increase in the use of
computer and Internet. There was an efficient replacement of
the manual logging methods[6]. The advancement in the
smartphone technology has enabled the availability of the
ample applications to monitor eating patterns[7]. The analysis
has proved that image based automatic method using
smartphones to manage dietary patterns are better than paper
based dietary management techniques [8] , given the easy and
user-friendly apps available for maintaining food logs [9].
Some applications provided overall health management
covering diabetes, obesity and mental health [10]. One of the



Prachi Kadam and Shraddha Phansalkar/Journal of Engineering Science and Technology Review 14 (2) (2021) 165 - 176

studies shows how an aspiration to control and manage ideal
body weight and health increases the use of food tracking
apps. These apps maintain a food log as real time images of
food consumption by the individual throughout the day [11],
provide assessment in terms of calorie intake, amount of
physical activity done and suggestions for an ideal diet plan.
The smartphone apps provide the methods to capture images
of every meal consumed by the user. From the food images,
calorie intake and nutrition of every meal can be calculated,
thus estimating healthy eating patterns of the user [12]. The
datasets used for calorie measurement can be referred from
restaurant [13] or collected by crowdsourcing [14]. The use
of deep learning algorithm along with contour measurement
of food item has shown improvement in calorie estimation
from food images [15] [16].

This work highlights the increasing importance of
research in the area of dietary surveillance with focus on
image based food identification, segmentation and
classification using computer vision methods with the state-
of-art work done in this area by bibliometric survey as well.
The Bibliometric analysis is confined to paper results from
Scopus database and is limited to English language only. With
bibliometric survey we enlist important phases in processing
of food images: Image segmentation, Image feature
extraction, classification. We then present a detailed
description and tabular comparison of different algorithms
and their combinations is presented with their stated accuracy
in context of food image processing. The work further
critically analyses the different image segmentation
techniques that are employed in single food as well as
multifood images context in terms of classification accuracy.
We further investigate the effect of feature extraction
techniques for Indian food images to leverage the accuracy of
machine learning and deep learning food image classifiers
with experimental validations on a synthetic Indian food
image data set. Thus, the paper helps in choosing a best
combination of image segmentation, feature extraction and
classification methods in the context of diverse Indian food
images. Summarizing the contribution of the work is :

1. Reviewing Computer Vision based methods of

Automated dietary management; state of art

2. Critical Review of Image segmentation techniques and

Food classification techniques with feature extraction for

food images both in single food as well as Multifood

image data sets with the resultant accuracy.

3. Experimental validations on accuracy of classification

by choosing feature extraction techniques and

segmentation methods with different food image
classification methods for synthetic food image data set of

Indian cuisines

2. Bibliometric Analysis of Dietary management for
avoiding Lifestyle disease -Obesity

Bibliometric Analysis gives an insight of impact of the
research and its quality. From this analysis, prominent
research areas are unveiled as well as uncovered areas and
research gaps are discovered. To understand the emerging
areas in the field of - Dietary Management, the analysis is
performed with specific keywords related to diet
management.

Two significant keywords “Dietary Management” OR
“Lifestyle disease: Obesity” were used for bibliometric
analysis to identify amount of research as well as the most
obvious directions of research executed in this area. From the
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analysis, the frequency of research documents, patterns of
research documents, links between recognised works, the
territorial distribution is highlighted. This analysis helps us in
localization of the problem, its inter-disciplinary relevance
and the research gaps to identify the scope for further
research. Analysis of year wise research publications shows
that research in the methods applied to avoid or prevent
obesity is on the rise. The figure 1 shows the number of
publications is increasing over year because of the growing
incidences of obesity.

Number of Publications

1960 1970 1980 1990 2000 2010 2020 2030

Fig 1. Number of publication per year [17]

The figure 2 shows bibliographic coupling. Bibliographic
coupling is a similarity measure used to establish a network
between documents when two or more cite a third work. T.
Lobstein’s study shows that there is coupling across the rising
crisis of obesity in children and youngsters [18]. Whereas,
Veronique L. Roger has given a detailed statistical study of
heart diseases and stroke, out of which one determinant is
obesity [19]. This analysis substantiates the strengthening of
obesity control or avoidance methods with the papers that
show the catastrophic effects on the health by obesity. There
is a coupling between works that are based on obesity with
the control methods like dietary control and physical activity
etc.

The figure 3 shows the United States, Australia, United
Kingdom and Canada are leading in the research related to
Obesity. Indian subcontinent shows less but significant
research in this area.

For in-depth understanding, keyword analysis carried out
to see the coupling between Dietary Management and obesity
in literature is discussed as follows. The table 1 shows
primary and secondary keywords used for search query.

The keywords were provided as query to the Scopus tool.
Total 900+ number of documents were returned. There are 5
clusters formed from the given keywords. The keyword
network is shown in the figure. These clusters explain the
rising crisis of obesity, risk factors for obesity, lifestyle
modifications needed to avoid obesity like controlling diet
and including physical activity in day-to-day life, chronic
diseases risks from obesity like diabetes, metabolic
syndrome, cardiovascular diseases and hypertension. In the
keyword network analysis, medical reference of research is
more thus establishing the importance of research to curb the
obesity pandemic. Our interest is in methods to control
obesity effectively with different methods where we found
that monitoring the diet was the most popular method. The
efficiently we monitor and measure the diet, obesity can be
controlled effectively.
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Table 1. Primary and Secondary Query Keywords for Dietary Management and Obesity

Primary — Keyword | Dietary Management

Secondary - Keyword | (AND) | Lifestyle Disease, Obesity

(OR) | “Lifestyle” OR “human” OR “nutrition” OR “weight reduction” OR “weight loss”OR
“dietary intake” OR “dietary assessments” OR “food intake” OR “nutritional
assessment” OR “diabetes” OR “cardiovascular diseases” OR “body mass index” OR

“Overweight” OR “diet restriction” OR “disease management”

Subject-wise analysis given in the figure 5 for the study
of obesity mostly reveals that the study is done predominantly
by medicine experts, medical practitioners, genetics and
pharmaceutics. There is lesser contribution to this global

problem from the stream of Computer Science area; thus, our
study will be supplementing the solution space to control
obesity with research of computer vision methods.
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Fig. 5. Publications per Subject Area [17]

3. Bibliometric Analysis of Food Image Processing for
Dietary Management

From the study it is vital that diet management is one of the
crucial determinants of obesity. For minimum number of
human introduced errors, automatic dietary management is
suggested. Automatic dietary management is food image
based. The image of the meal consumed can be used further
to estimate the calorie count. The bibliometric analysis of

food image processing in this area is made to understand key
areas of research. Steps for food image processing are -
segmentation for acquiring individual food item, feature
extraction for food item identification and classification. To
set a foundation towards realizing the extent of research in
this area, basic keywords applied were — “Food image
processing” OR “Dietary management”.

Table 2. Primary and Secondary Query Keywords for Dietary Management and Food Image Processing

Primary — Keyword | Food Image Processing

Secondary - Keyword (AND) Diet Management
(AND) Obesity
(OR)

“Image processing” OR “human” OR “nutrition” OR “image analysis” OR “dietary
assessments” OR “food intake” OR “nutritional assessment” OR “computer vision”
OR “classification” OR “CNN” OR “image Processing, Computer-Assisted”

One of the prominent clusters of the keyword network
shown in the blue region is around dietary surveillance using
Image processing. If processing of food images is performed
accurately the identification of food item and estimation of its
calorific value will be near accurate.

From the bibliometric survey it is clear that the milestones
in calculating calories from a food image are - segmentation
(a food image may contain multiple food item on one plate, to
separate each food item segmentation is used), feature
extraction (identifying unique features to classify a food item
in the correct category), identification and classification.
Following sections are dedicated to detailed survey of
publications in the area of food image processing

4. Phases in Image based Automatic Dietary Management

Figure 7 shows various methodologies used in image
processing from capturing an image to classifying it.
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4.1 Segmentation Techniques

Image segmentation techniques are used to separate
individual food items from multifood plate. This helps in
classifying the individual items and also for controlling and
monitoring the dietary management in terms of calorie
estimation. Image segmentation can be divided into basic
three categories — thresholding, edge-based and region-based.
In thresholding method, a threshold is decided to categorise
the pixels of an image in — either within the region or out of
the region. Thresholding can be based on calculating the
histogram of the image or using multivariate classifiers. In
Region based method, contour-based method is popular,
where energy functions are used to separate the pixels of
interest from the rest of the image. These pixels of interest are
bounded by the contour which is interpolation of the points of
interest. Interpolation can be done by linear, spline or
polynomial method to define the curve in the image around
the object of interest. This method forms closed contour
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around the object in the image which should be segmented
from the rest of the image. Another popular region-based
method is Graph based method. In this method the image is
represented as a weighted graph. The nodes of the graph are
the pixels and edge is the weight. The weight gives similarity
or dissimilarity of the pixels thus differentiating the object of
interest from its background. Normalised cut is a variation in

“ diet records

graph-based method which uses pixel intensity similarity and
spatial proximity to differentiate pixels of the image. Local
variation method is another graph-based segmentation
method which forms a graph with pixels as its nodes and
weight of the edge is the intensity of the pixel and distance
between them[20].
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The authors conclude with a trade-off between
segmentation quality and speed of segmentation by
comparing algorithms like Spectral Embedding MinCut,
Normalized Cuts, Local Variation Algorithm and Mean Shift
Segmentation [21]. Integrated image segmentation and
classification method was proposed to calculate area and
estimate the weight of the food item which in turn was used
to calculate the nutritional value of the food. Algorithms like
active contours, normalized cuts and local variation were
studied for food image segmentation with complex
backgrounds. It was found that local variation method was
more effective than the other two methods[22]. An interactive
segmentation was used to improve segmentation accuracy,
where user food item is extracted by the user[23]. With
increased accuracy in machine learning algorithms like K-
means [24], active contour with K-means [25] and deep
learning algorithms like weakly supervised CNN applied on
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UECFOOD-256 and Food-101food dataset [26],
applied on UEC-FOOD100 dataset[27] [28], ResNet used in
FoodAI on FoodAI-756 dataset [29] show better accuracy
when applied to respective food image datasets.

Jseg segmentation is a robust image segment algorithm. It
consists of two steps - colour quantization and spatial
segmentation. In colour quantisation, colours are used to
identify different regions in an image on the basis of colour
classes that form a colour map of the image. In spatial
segmentation, on the basis of colour map a colour texture of
boundary and interior of the region is found. This is called as
a J-image. Now by applying a region growing method image
is segmented to find the region of interest [30].

Edge Detection, Morphological Operation, Threshold and
Clustering based image segmentation techniques show that
Gradient Magnitude method of edge detection gives
promising results when applied on different food images
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[31]. A supervised learning method that allows the user to
manually draw bounding box around the region of interest in
the training is the fastest method to train the classifier to
identify the food item from multi - dish scenario [32].

Segmentation Methods for Multifood Image

Manual
Crapibased Bounding Box ﬁ m

Feature Extraction Methods for Food Images

|dentification and Classification Methods for Food Images

Naive

Deep-CNN
Bayes

SVM

AlexNet GoogleNet ResNet

CNN

Fig. 7 Methodologies for segmentation, feature extraction and
classification of Food Images for Automatic Dietary Management

4.2 Feature extraction methods

The varieties of low-level invariant features are available to
describe the object appearances. Two popular methods for
feature extraction with the best results are - Scale Invariant
Feature Transform (SIFT) and Speeded-Up Robust Feature
Transform (SURF). SIFT has used to represent food features
as it provides a powerful descriptor due its stability under
different scale and orientation changes as well as being robust
to occlusion and clutter[33]. From the analytical study of
SIFT and SUREF, it is found that SIFT is slower than SURF
but amount key points found by SIFT is more than SURF
[34]. The Local features using SURF is computationally
efficient to detect and derive meaningful local descriptors.
However, due to complex appearances of the real food
images, using a single descriptor in isolation is not sufficient
to effectively represent the large variation of foods [35]. Local
Binary Pattern (LBP) is known to be a powerful feature for
texture classification. In LBP method, the features are
calculated by finding LBP values at each pixel which is
represented by a histogram. The histogram pattern can be
used for classification by applying Euclidean distance [36].
Literature shows combination of local features and global
features improves the classification to a large extent like
histogram of Oriented Gradients (HOG) and SURF [37]; local
color, local entropy color, Tamura perceptual features, Gabor
filters, SIFT descriptor, Haar wavelets, Steerable filters, and
DAISY descriptor and color and texture; texture features and
Gabor filter [38]; color features and Gabor filter [39];
integration of SIFT and SURF using late fusion [40]; local
features and BoVW [41]; SIFT and local intensity order
pattern (LIOP) descriptors[42]; SIFT and LBP integration
method [43]; color & texture features using Gabor filter [44];
texture feature extraction using LBP features [45][46]; CNN
based features [47]. Therefore, a review proves that using
local features in combination has proved to be more beneficial
[48].
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An image can be described by its descriptors i.e. unique
features called Bag of visual words [49] or Bag of key points.
The use of these descriptors, exclusive to that food item only,
can be exploited to classify the food items in a specific
category. The results are optimised if BoVW are formed by
scale-invariant feature transform on the HSV color space and
then classified with k-means cluster [50].

4.3 Image Identification and Classification

The feature extraction is a critical contributor to the accuracy
of the classification process. The image set is divided into two
parts - training and testing images. The classifier with its
predefined categories is trained with the images defined by its
unique features. Once the classifier is trained, test images are
applied to the classifier to be categorised into its class. The
accuracy depends on images that are correctly classified into
its appropriate class.

The research shows a combination of Feature Extraction
techniques and Classifiers to achieve maximum accuracy. As
discussed in the previous section, SIFT has shown promising
results in extracting exact features. By combining sparse
coding with SIFT and applying color histogram and Gabor
filter to the food image give concatenated feature vector
which is stronger than feature vector applied by only SIFT.
The research shows using this feature vector to train an SVM
(Support Vector Machine) classifier with 50 categories and
100 food images in each category gives an accuracy of 68.3%
[51].

It is necessary to obtain each food item separately, for a
food image containing multiple food items. This can be
achieved by segmentation for object detection. Multiple food
item detection was proposed by Yuji Matsuda, et. al. The
method proposed consisted of segmentation, feature
extraction and classification. Image segmentation was
achieved by combining three techniques - Deformable Part
Model, Circle Detector and JSEG region segmentation
followed by feature extraction that was done by SIFT, CSIFT,
HoG and Gabor texture features. The feature vector was
applied to SVM with multi-kernel learning to classify images
into 100 categories. 68.9 % accuracy was received with the
proposed idea [52].

Due to technological advances in wearable devices and
mobile camera, apps have been developed which help
capturing food images to maintain food logs and to track
dietary intake asked to be maintained by the physicians/
Doctors [53]. These applications capture food images,
identify food item, classify into a category and find nutrient
contents of the food. Some applications also help to maintain
calories consumed in a day. A comparison of such apps shows
variety of algorithms used to track food activity - SIFT,
SURF, HoG, Deformable part models for segmentation,
optical character recognition for food labels marked on the
food image, food object identification by supervised learning
with region of interest marking, Multi kernel learning and
SVM for classification [32]. Uploading the data from all
smart devices used by the patient, related to healthcare along
with food items logged, on a cloud-based system helps in
overall health management [54].

An exclusive idea of identifying food item based on the
geographical location of the restaurant, using Weakly
supervised learning method(SVM with MKL), is discussed in
the paper [55]. Even if a patient is under food activity
observation, restaurant eating is not restricted. Thus, a patient
can log food consumed in a restaurant with its geographical
location information that will help identify the food item from
the logged image. This is possible because every restaurant
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has its unique set of food item on the menu. The restaurant
can be identified on the basis of the geographical location,
resulting in the identification of the food item from the food
image.

Similar idea was proposed by Luis Herranz, et. al but with
probabilistic model approach [56]. They use SIFT encoded
with bag of visual words to extract feature vector. This feature
vector with the geographical location information is used to
train the classifier. A probabilistic model to classify the image
is adopted by combining location, restaurant, food dish and
feature vector. Maximally Stable Extremal Regions (MSER)
features with Content-Based Visual Information Retrieval
(CBVIR) method proposed by the authors show partially
successful [57].

For any kind of classification application, the most
important part is a trained classifier. The first step for the food
images would be to differentiate the food and non-food items
[58]. The training is robust if the classifier is trained with all
possible types of images which is tedious and an impossible
job. A solution to this problem could be learning by active
labelling proposed by Marc Bolaios, et. al. The wearable
device was used to capture and log the food consumed in a
day by the patient. The images captured are applied to a pre
trained classifier with limited images, the image is classified
if recognised by the classifier. If the image is unknown, the
user is prompted to label the category of the image, thus
training the classifier with the new, unknown image. This
framework allows the classifier for learning in supervised
manner [59]. Supervised method like bounding box method
especially for Multifood detection is needed. The introduction

of such minimal supervision with deep learning algorithm like
CNN, helps improving classification accuracy [60].

The traditional classifiers started getting replaced with the
development and enhancement in machine learning
algorithms. Most of the literature used methods that included
naive Bayes classifier, support vector machines, K-nearest
neighbors, Gaussian mixture model, decision tree and Radial
Basis Function (RBF) classifiers. The development in deep
learning algorithms in computer vision has not only improved
the performance of computational power but also of the
algorithm [61]. Sample size of food images is a crucial
problem in training neural networks. Using faster RCNN
gives better performance in such cases [62].

The combination of three deep CNN methodologies
showed an improved accuracy (73.5%) of food classification.
There are pre-trained models that use CNN as core technique.
The use of pre-trained models allows users a benchmark to
start from instead of training a model from scratch. This saves
time and we can build the dataset on the existing one. The
methodologies used for food image dataset are - AlexNet,
GoogleNet and ResNet [63], GoogleNet [58], VGG-16 and
ResNet. A study shows the use of multiple classifiers which
are trained on features extracted by multiple deep models
using Induced Order Weighted Averaging (IOWA) and
Particle Swarm Optimization (PSO) based fusion [33]. Such
combinations of methodologies are also mentioned as transfer
learning [64]. A review by Subhi et. al on automatic food
recognition and dietary assessment gives a better insight in
different methodologies used for segmentation, feature
extraction and classification [65]. Some more studies in the
table have been extended and added.

Table 3 . Summary of various feature extraction and classification methods with their performance for Single food dishes

Feature Extraction Classifier Performance Dataset Ref.
BoF, Gabor, Color, HoG, | MKL 62.50% Web Images [49]
Texture
CNN VGG, ResNet and InceptionV3 | 62.76 Yummly48K dataset [66]
LBP and color DCNN-Food 70.40% UECFOOD100, UEC- | [67]
FOOD256
CNN DCNN, Ensemble Net 72.10% ETH Foof-101, Own Indian | [61]
food dataset with 50 classes
and 100 images each
ROOTHoG and colour DCNN 72.26% ILSVRC 1000-class dataset [68]
SIFT, PRICoLBP, and | SVM 75.74% UNICT-FD1200 [69]
Bag of Textons
SIFT and color SVM 78.00% Web Images [50]
PCA, CFS and IG AlexNet and CaffeNet models, | 80% Mealcome (MLC dataset), | [70]
ResNet MLC-41 dataset.
CNN SVM 82.20% Food images from restaurants | [71]
of Bern University hospital

Table 4 . Summary of various feature extraction and classification methods with their performance for Multifood dishes

Image Segmentation Feature Classifier Performance Dataset Ref.

Technique Extraction

JSEG segmentation, circle | HoG, SIFT, Gabor, | MKL-SVM | 45% 85 - food categories [52]

detector and DPM color and texture

Connected component DCD, SIFT, KNN 64.50% Department of Foods and [22]

analysis, active contours, MDSFIT, and SCD Nutrition at Purdue

and normalized cuts University, FNDSS

Texture segmentation BoF, SFTA and SVM 70% Own- 40 type of Thai street | [72]
color food/ restaurant
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Sobel Operator edge CNN DCNN+edge | 77% UEC-256, UEC-100 Dataset | [73]
detector, watershed computing
marking
Spatial relationships and Pairwise local SVM 78% PFID [74]
Semantic Texton forest features
Deep Lab model CNN GoogleNet 79% Food-101, MenuMatch [13]
Bounding Box and SURF and color SVM 81.60% Own- 50 category food [75]
GraphCut segmentation dataset
Feature point method Gaussian region Multiclass 84% PFID [76]
detector and SIFT, | SVM
color, entropy,
Gabor, Tamura,
Haar
ROI detection, Normalized | Wavelet, Steerable | SVM 86.10% FNDDS, StockFood, [77]
Cuts framework Daisy, gathered by mdFR
Predominant color
divided into local
and global features
Edge detection HSV and KNN and 85% and 75% Own [78]
histogram SVM
Graph cut segmentation GraphCut, color, SVM 95% Own dataset with 170,000 [79]
size, shape and images
texture

5. Discussions

The Section 4 presents a comparative analysis of different
methods in food image segmentation, feature extraction and
classification techniques applied across different food image
data set. This is done in context of single as well as multi-food
images context.

For food image segmentation, graph based methods show
efficient results when in turn applied to identify and classify
food items. Graph cut, ROI (region of interest) detection,
normalised cut, bounding box are some of the graph-based
methods that have seen more usage in segmentation for food
images. [75], [76], (77), [78]. This is because the contour
detection using graph cut segmentation methods are popular
for being robust and efficient [79]. Edge detection technique
(78) shows a significant improvement in classification
accuracy of the classification methods and its characteristic to
define boundary for adjacent elements makes it appropriate
for Multifood images.

Apart from contour or edge detection, it is observed that the
extracted color is a predominant and important feature for
multi-food images [77] [49] [52] [72] [79]. The performance
of any algorithm is dependent on the variety of images
(categories) available in the food image dataset, number of
diverse images in one category and the quality of image
captured - by a digital camera or smartphone. As per the
observations from the table, when feature extraction using
color, histogram, SIFT or BoVW is chosen to be a step in food
image classification and these features are used to train a deep
learning algorithm like CNN or ensemble net, the
performance is better than classification with only deep
learning algorithm in isolation [80]. This is well justified, as
every food image has a unique feature vector and features of
every aspect of food image is extracted with color, shape, size
and texture yielding accurate classification. This is because
the classifier is trained with all the features that define an
image giving us an enhanced feature vector specific to that
food item. Another observation is that, the more the number
of food classes included in the dataset, lesser is the accuracy
of classification [64]. This is because the amount of
misclassification increases when similar looking food items

have different categories. For example, vegetable curry and
chicken curry. This poses a challenge in the classification of
food images. In the next section, we validate the findings by
applying a chosen image segmentation technique, feature
extraction methods with prominent machine learning and
deep learning classifiers on a synthetic Indian image data set.

6. Experimental Validation for Food Image Classification:
For a primary study, we generate a synthetic data set of 30
Indian food categories with 30 images each. Every category
also had 40% images from standard Food-101[] dataset and
60% were actually collected from field work. This is the
synthetic data set for a primary study. The images were
visually checked for sufficient distinctness. Food 101 dataset
is a food image dataset compiled from foodspotting.com
which is real-world food image dataset. So, the resultant
database of single food images consists of the combination of
Indian food images and American fast food images. Al the
images were first run through edge based segmentation
algorithm where 3x3 sobel operator is used to detect edge of
the food image. This has resulted in a better smoothening in
case of single food image.

Then they were run through the prominent machine learning
and deep learning algorithms. Two test results were decided
upon — without filters and with filters. All the experiments
were run with Python using Tensorflow library. For
experimental setup of ‘without filter’, was prototyped and
tested on the dataset with these additional Indian food
categories using Convolutional Neural Networks (CNN), Bag
of Visual Words(BoVW), RandomForest and SVM
individually.

The figure shows flow of classifying the food images that
include a combination of American and Indian food
categories. The filters used were — colour histogram, edge
histogram and Gabor filter. From the various papers discussed
till now, some of the image features were highlighted as
important for classification. With respect to Indian food
images, since Indian food is very colourful, colour histogram
collects the distribution of different colours across a dish. The
edge histogram is useful in marking the shape of the food item
in the image by thresholding its boundaries. There are
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cuisines which look similar in colour and shape in Indian
cuisines, for example — Poha and Lemon rice. But their
content, calorie and nutritional values are entirely different.
In these cases, gabor filter, which is texture feature filter is
useful to identify the correct food item.

The prototype shows accuracy of 71%, 68%, 53.33% and
42.5% respectively when only machine learning algorithms
are applied. With application of filters the accuracy enhanced

to —78%, 72.6%, 65.5% and 56.3% respectively. The results
are summarised in the table 5 as follows:

From this experimental study, it can be verified that, by
applying filters, the efficiency of classification increases in
case of Indian food. This verifies the literature studied, that if
pre-processing using filter is done by the traditional methods
then advanced machine learning algorithms give promising

S

results.

Filters used -
¢ 1. Color-
2 histogram
- 2. Edge
Database R
Fig. 8. Classification of food images with Filters
Table 5. Accuracy of various algorithms with/without filters.
CNN BoVW Random Forest SVM
Without Filters 71 68 53.33 42.5
With Filters (Colour Histogram, Edge | 78 72.6 65.5 56.3
Histogram and Gabor filter)

3.

7. Conclusion

The area of automated dietary monitoring to control obesity
was analysed firstly with bibliometric analysis where the
global survey of the different strategies to handle this lifestyle
disorder were outlined to find the innovative contribution of
this area of work. In this paper, we further investigated
computer vision methodologies for image based automatic
dietary management research area. Followed by this, various
steps in automated food image logging for dietary assessment
for multifood dishes have been reviewed in detail. From the
keyword network it was clear that computer vision based
dietary management should have the following steps: mage
Segmentation, Feature Extraction, Food object Identification
and Classification. The combination of various image
segmentation and classification techniques has been reviewed
for better results on variety of food image datasets. In food
image classification, it is proved with preliminary
experimental validations that the use of image filters,
followed by the classifiers with machine learning algorithms

would yield better results. Although the advanced methods
illustrate improved performance in image classification, there
exist few challenges in the classification of multifood images.
Thus this contribution elevates the importance of: 1.
Computer Vision based methods of Automatic dietary
management , 2. Phases of Food image processing for dietary
monitoring, 3. Critical review of image segmentation and
classification methods for multifood and single food images.
This will further help in the design of an automated dietary
monitoring application which will classify an image, estimate
its portion and calibrate calories for users to maintain a
healthy lifestyle and keeping obesity and related chronic
diseases at bay.

This is an Open Access article distributed under the terms of the
Creative Commons Attribution License.
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