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Abstract—Goal: The modern way of living has signifi-
cantly influenced the daily diet. The ever-increasing num-
ber of people with obesity, diabetes and cardiovascular
diseases stresses the need to find tools that could help
in the daily intake of the necessary nutrients. Methods: In
this paper, we present an automated image-based dietary
assessment system of Mediterranean food, based on: 1) an
image dataset of Mediterranean foods, 2) on a pre-trained
Convolutional Neural Network (CNN) for food image classi-
fication, and 3) on stereo vision techniques for the volume
and nutrition estimation of the food. We use a pre-trained
CNN in the Food-101 dataset to train a deep learning classi-
fication model employing our dataset Mediterranean Greek
Food (MedGRFood). Based on the EfficientNet family of
CNNs, we use the EfficientNetB2 both for the pre-trained
model and its weights evaluation, as well as for classifying
food images in the MedGRFood dataset. Next, we estimate
the volume of the food, through 3D food reconstruction
of two images taken by a smartphone camera. The pro-
posed volume estimation subsystem uses stereo vision
techniques and algorithms, and needs the input of two food
images to reconstruct the point cloud of the food and to
compute its quantity. Results: The classification accuracy
where true class matches with the most probable class
predicted by the model (Top-1 accuracy) is 83.8%, while
the accuracy where true class matches with any one of
the 5 most probable classes predicted by the model (Top-5
accuracy) is 97.6%, for the food classification subsystem.
The food volume estimation subsystem achieves an over-
all mean absolute percentage error 10.5% for 148 different
food dishes. Conclusions: The proposed automated image-
based dietary assessment system provides the capability
of continuous recording of health data in real time.
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Impact Statement— The proposed methodology is a fully
automated process to calculate the nutritional composition,
capturing food images through a smartphone camera.

l. INTRODUCTION

DAILY healthy diet and a daily intake of essential nutrients
A can significantly affect the modern lifestyle as they prevent
malnutrition in all its forms, but also a wide range of nutrition-
related diseases. Chronic noninfective diseases, such as obesity,
diabetes and cardiovascular diseases may be affected either
positively or negatively by an individual’s diet. Diabetes mellitus
is considered a group of metabolic disorders characterized by a
high blood sugar level (glucose) and has become a common
disease of the modern way of life [1]. To date about 537 million
adults live with diabetes, while this number is projected to rise
to 783 million by 2045. Moreover, diabetes has been associated
with 6.7 million deaths globally in 2021 [2]. Cardiovascular
diseases (CVDs) are a group of heart or blood vessels disorders
and are the principal cause of death worldwide, approximately
17.9 million deaths each year. CVDs representing 32% of all
deaths regardless the cause [3]. Obesity and overweight is a
complex disease involving an excessive amount of body fat that
may impair health. As 39 million children under the age of five
in 2020 were overweight or obese, one could say that obesity
has reached epidemic proportions worldwide [4]. Over time,
obesity leads to many serious health problems such as heart
diseases, stroke, type 2 diabetes and some types of cancer [5].
Over the past two years the whole world has been plagued by the
pandemic called coronavirus disease (COVID-19), which causes
primarily seriously respiratory problems [6]. COVID-19 is char-
acterized, among others, mainly by pneumonia, lymphopenia,
exhausted lymphocytes and cytokine storm and has led so far to
millions of deaths worldwide [7]. Recent studies [8], [9] show
that proper nutrition should be taken into account in patients
who have been admitted to intensive care units (ICUs) due to
the SARS-CoV-2 virus.

Nowadays, with Artificial Intelligence (Al), the Internet of
Things (IoT) and computer vision becoming omnipresent tech-
nologies, individuals are allowed to use food applications to
monitor and record their daily diet [10]. The large number
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of these applications and their increasing use, has made them
more popular, compared to traditional methods of calculating
nutritional composition. Important parts in nutrition apps are
the food classification systems, the volume estimation systems,
as well as the food image and the nutrition databases.

The food image dataset is the key to creating a highly accurate
model for a dietary assessment system. These datasets can be
characterized by the number of food classes [11] and the total
number of images they include [12], the type of cuisine [13], the
quality of the images, the source of the images [14] and by their
use (for training or evaluation of the food classification system,
or used only for the evaluation of the food volume estimation
system) [15].

Image classification, which is a subset of Al and computer
vision, is the process of defining and labeling groups of pixels
or vectors within an image based on precise rules Food classifi-
cation systems are responsible for the identification of the food
class to which a food image belongs. Existing food image clas-
sification approaches can be divided into two main categories:
(1) traditional machine learning approaches [16], and (2) deep
learning approaches [17]. The creation of more accurate classi-
fication models along with the increased computing capabilities
and the ability to train deep learning models through the graphic
processing unit (GPU), imposed deep learning approaches for
the classification of food images in the last years. The existence
of large food datasets has also played an important role in this
choice, as the effectiveness of deep learning approaches depends
directly on the number of images in the dataset. The metrics
used to evaluate food classification models are the top-1 and
top-5 accuracy. Top-1 accuracy is the accuracy where true class
matches with the most probable classes predicted by the model,
while top-5 accuracy is the accuracy where true class matches
with any one of the five most probable classes predicted by the
model.

The final step in a food dietary assessment system comprises
the estimation of foods’ quantity and the analysis of their
nutritional composition, such as carbohydrates, proteins, fats
and total calories. Accurate estimation of the amount of food,
assumes that the previous step of food classification has been
accomplished correctly. The existing approaches in food image
volume estimation, can be divided into five main categories:
stereo-based approaches [18], depth camera approaches [19],
pre-build shape templates approaches [20], perspective trans-
formation approaches [21] and deep learning approaches [22].
The food volume estimation is a demanding process which in
most cases requires a specific number of images and a specific
way of taking them, a controlled environment and in many cases
dedicated cameras for capturing food images.

In this study, we present a fully automated image-based
dietary assessment system. We report the characteristics of the
food image dataset and the methods used for classifying the
content of food images and estimating the food volume. First, we
present anew food image dataset representing the Mediterranean
cuisine which enables the development and evaluation of both
computational modelling subsystems. This is the first study in
this field concerning Mediterranean foods and, in addition to
this, the number of foods used to evaluate the food volume

estimation system is greater than those reported in the relevant
literature [23]. Second, unlike most food-image classification
studies, we leverage a model pre-trained on food imaging-data
instead of the non-specific ImageNet dataset. In particular, we
use a Convolutional Neural Network (CNN) pre-trained on the
Food-101 dataset [11]. Third, the food volume estimation relies
on the 3D-reconstruction of the food and its volume computation
from two distinct images via stereo vision techniques. Fourth,
the Greek Food Composition Dataset by the Hellenic Health
Foundation [24] allow us to infer food macronutrients, i.e.,
carbohydrates, proteins and fats.

This study is a continuation of our recent work in this field
[25], [26], [27] synthesizing improved versions of the employed
methods in an integrated fully automated system and providing
an enhanced evaluation of their predictive performance. First, we
progressively built the MedGRFood dataset by increasing both
the number of represented food classes and the number of im-
ages per class; its complete version is provided herein. Second,
the architecture of the EfficientNetB2-based food classification
subsystem, as compared with the one presented in [25], has been
refined by utilising a pretrained model on a food images-specific
dataset (i.e., the Food-101 dataset) which is, subsequently, fine-
tuned on the complete version of the MedGRFood dataset; these
modifications were translated into more accurate predictions.
Though the methods of the food volume estimation subsystem
are similar to those specified in [26], herein, we demonstrate
their robustness by testing and verifying the reproducibility of
the results using the updated dataset comprising 10000 im-
ages (vs 5000 images in its previous version). In addition, the
functionality of the latter subsystem is enhanced by adding a
subcomponent indexing the recognised food into the Greek Food
Composition Dataset and calculating its macronutrients based
on the estimated volume. In [27], we presented an overview of
the entire system as built upon a previous version of the dataset;
nonetheless, herein, we transparently report all technical details
required for reproducing the underlying methods and results.

The primary intended use of the proposed system lies in the
context of digital-based dietary assessment interventions, e.g.,
as integrated into a dietary assessment application aiming at
improving a person’s eating habits or into an electronic health
record system aiming at monitoring and prescribing the diet of
patients. In addition, the output of the proposed system, i.e.,
macronutrients, can make up the input of predictive models of
health outcomes affected by one individual’s diet, e.g., blood
glucose prediction models.

Il. MATERIALS AND METHODS

The proposed dietary assessment system needs two food
images to calculate the nutritional composition of the food.
Initially, using a smartphone camera, the images are taken with
a shooting angle of about 45 degrees from the vertical axis
of food, and at a distance of about 40—50 cm. A reference
card placed next to the dish helps to estimate the scale of the
captured images. Then, the food classification subsystem, using
deep learning techniques, recognizes the class of the food. At the
same time, the food volume estimation subsystem, using stereo
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Fig. 1. The proposed dietary assessment system.

vision techniques creates a 3D reconstruction of the food and
estimates its quantity. An appropriate food image database was
created for the training and evaluation of the two subsystems.
The image database consists of two sub-datasets: (a) an image
dataset appropriate for deep learning classification models, and
(b) an image dataset appropriate for food volume estimation
systems based on stereo vision techniques. Finally, knowing
the class of food and its volume, using the USDA database
[28] and the Greek Food Composition Dataset by the Hellenic
Health Foundation, we compute the nutritional composition of
the capturing food. The main parts of the proposed dietary
assessment system are: (i) the food image dataset and food
nutrition database, (ii) the classification subsystem, and (iii) the
volume estimation subsystem are shown in Fig. 1. The following
subsections describe and analyze the main parts, techniques and
algorithms of the proposed dietary assessment system.

A. MedGRFood Image Dataset

The Mediterranean diet is a well-known healthy dietary pat-
tern which is based on the traditional cuisines of Greece, Italy,
Spain and other countries that border the Mediterranean Sea.
Plant-based foods, such as vegetables, legumes, fruits, nuts and
seeds, are the foundation of the diet. Olive oil is the main
source of added fat. Moreover, fish, seafood, dairy (e.g., yogurt,
cheese) and poultry are included in moderation while red meat
and sweets are eaten only occasionally [29]. Adoption of the
Mediterranean diet has been associated with a reduced risk of
developing chronic diseases, such as diabetes, CVDs, obesity
and even cancer [30], [31]. Therefore, we collected food images
of the Mediterranean cuisine and we created the MedGRFood
dataset, which are classified into eight food categories, based
on the Greek Food Composition Dataset by the Hellenic Health

Foundation. More specifically, the food categories are the fol-
lowing: (i) Milk, dairy products or milk substitutes, (ii) Egg
or egg products, (iii) Meat or meat products, (iv) Seafood or
related products, (v) Grain or grain products, (vi) Vegetable
or vegetable products, (vii) Sugar or sugar products, and (viii)
Miscellaneous food products. The MedGRFood dataset includes
two sub-datasets: (a) the first sub-dataset consists of 51,840 food
images which belong to 160 food classes, with 324 images per
class and is appropriate for food classification systems, and (b)
the second sub-dataset is appropriate for food volume estimation
systems and consists of 10,000 food images which belong to 190
food classes. In the first sub-dataset most of the images have
been collected from the web, while the rest have been taken
under specific conditions, completing the required number of
images per food class for a balanced dataset. This is a labelled
dataset that contains good quality images, making it ideal for
training and evaluating deep learning classification models. In
the second sub-dataset all images have been collected under
specific conditions (lighting and capturing angle conditions)
with a reference card next to the plate and it contains high quality
images with known weight of food. For each food class there
are at least five different dishes; and for each dish at least two
pairs of images are captured, suitable for stereo vision analysis
and Structure from Motion (SfM) systems.

B. Food Classification Subsystem

To create the food recognition model we used as base model
an existing CNN classification model, that belongs to the Effi-
cientNet [32] model family. First, we trained the CNN model
in the Food-101 dataset and then we trained the new food
classification model using the MedGRFood dataset. Moreover,
transfer learning, fine tuning and data augmentation techniques
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Fig. 2. The architecture of the proposed classification model.

were applied to improve the top-1 and top-5 accuracy and to
reduce the loss of the food classification model. We have chosen
the Food-101 image dataset due to the large number of food
images it contained in each food class, allowing this way the
pre-trained classification model to be train of and adjust better
the weights of the model’s layers to images containing food
items.

1) EfficientNet: EfficientNet is a convolutional neural net-
work architecture and scaling method that uniformly scales all
dimensions of depth, width and resolution using a compound
coefficient. In contrast to the conventional practice of arbitrarily
scaling these factors, the EfficientNet scaling method uniformly
scales network depth, width and resolution with a set of fixed
scaling coefficients. The depth corresponds to the number of
layers in the CNN. The width is related to the number of neurons
in a layer, or more relevantly to the number of filters in a
convolutional layer. The resolution is the height and width of the
input image. Increasing the depth, by adding more convolutional
layers, allows the network to learn more complicated features.
However, deeper networks become difficult to train and require
more computational power. Scaling the width of the CNNs
allows layers to learn more detailed features. Higher image
resolution provides a greater detail of image details, improving
the model’s ability to detect and analyze relatively smaller
objects and export finer patterns [32]. In this study we use the
EfficientNetB2 as base model for the food image classification
subsystem.

2) System Architecture: The architecture of food classi-
fication subsystem consists of seven CNN block layers based
on EfficientNet-B2 deep learning model and three blocks of
fully connected activation, batch normalization and drop-out
layers. Each of the seven blocks have a varying number of
sub-blocks. The total number of layers is 349 for the classifi-
cation model. The architecture of the baseline network uses a
mobile inverted bottleneck convolution similar to MobileNet V2
[33] but is slightly larger due to the increase in Floating-point
Operations per Second (FLOPS). The size of the input image
is 260x260x3 and the total number of the models’ trainable
parameters are 486,359,066. The architecture of the proposed
classification model is shown in Fig. 2. We use the multi-class
cross-entropy loss function for the food classification problem.

i/
Trained in MedGRFood dataset

The cross-entropy calculates a score that summarizes the average
difference between the actual and predicted probability distri-
butions for all classes in the problem. The score is minimized
and a perfect cross-entropy value is 0. The model has been
trained for 250 epochs using the stochastic gradient descent
(SGD) optimizer [34]. Finally, we chose a scaled learning rate
with initial value 0.001 and final value 0.0000001. The learning
rate decreases by a factor 0.9 when the validation loss stops
improving for three epochs. Finally, for the activation function
we used the Swish [35].

3) Transfer Learning and Fine-Tuning: Deep learning al-
gorithms, so far, have been designed to work individually. These
algorithms are trained to solve specific tasks and must be rebuilt
from scratch as soon as the distribution of feature-space changes.
Transfer learning is the concept of overcoming the isolated learn-
ing paradigm and leveraging the knowledge gained for a task to
solve related ones. Moreover, it is considered a popular method
in machine learning because it allows the user to build accurate
models in a timesaving way [36]. In deep neural networks, the
initial layers are used to capture general features and detect
simpler patterns, such as edges, corners and shape features, while
the subsequent layers focus more on specific dataset features
and more complex patterns that they detect. Taking advantage
of this property, the intuition behind transfer learning is that it
focuses on storing the knowledge gained in solving a problem
and applying it to a different but related problem. Throughout the
related literature, the training of the food classification model is
done either from scratch or transfer learning is applied, using a
pre-trained CNN model in the ImageNet LSVRC-2012 dataset.
In this study we apply the transfer learning technique, but we
use a pre-trained CNN model in the Food-101 dataset and not
in ImageNet. Knowing that the early layers extract and learn
general features (such as edges and simple textures) while the
later layers extract and learn detailed or high-level features (such
as more complex textures and patterns), we take advantage of
the related images with our own dataset and their large number
of Food-101 images, by transferring knowledge to our own
task.

Fine-tuning involves unfreezing some layers of the CNN
model for feature extraction and jointly training the newly added
part of the model and these top layers. We use the fine-tuning
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Fig. 3. Proposed volume and nutrition estimation subsystem pipeline.

technique, in which the first layers of the recognition model are
frozen, transferring to these layers the weights of the pre-trained
model mentioned above, while the last layers of model are
unfreezing and re-trained on the new data with a very low learn-
ing rate. This can potentially achieve meaningful improvements
by incrementally adapting the pre-trained features to the new
data. Initially, in the proposed CNN model, we unfreeze the
last two blocks of network layers. Then, we add three blocks
of fully connected, activation and drop-out layers on the base
EfficientNet-B2. Finally, the unfreezing layers and the additional
layers are trained in MedGRFood dataset. These added layers
further increase the performance of the proposed model and
prevent overfitting problem.

4) Data Augmentation: Data augmentation is based on
techniques used to enhance the volume and the diversity of
training data, by applying random but realistic transformations
of existing data. Data augmentation acts as a regularizer, makes
the model more robust to slight variations, helps to reduce
overfitting and improves the performance when training a CNN
model [37]. In the field of image classification, these are done
to utilize the full power of the CNN, which is able to capture
translational invariance. This translational invariance is what
makes image classification such a difficult task. Our goal is to
train a set of food images which is as representative as possible
in reality, increasing the number of images that will be trained.
Therefore, geometric transformation such as cropping, flipping,
zooming and rotation techniques are applied to increase the
amount and the variety of food images in the training data.

C. Food Volume Estimation Subsystem

Initially, for the estimation of food volume and for its 3D
reconstruction, some assumptions need to be made: i) the
smartphone’s camera is calibrated and we know the intrinsic
camera matrix, ii) the food volume estimation subsystem needs
two images of food to calculate its volume, iii) the two images
are taken with a slight shifting of the camera to the right when
capturing the second image, iv) the images are taken at a distance
of about 40—50 cm from the dish, and with a shooting angle of
about 45 degrees from the vertical axis of food, v) the type of
dish used should be shallow, and vi) a reference card of known
dimensions (8.5 x 5.5 cm) is placed next to the dish. Fig. 3 shows
the pipeline and the major steps of the proposed methodology.

Food Macronutrients
an_tgrlt_Es_ti_m_o_ﬁgn

/ \

Calories: 520 kcal
Carbs: 194 g
Fat: 40 g
Proteins: 19.4 g

P ———

S, .

1) Image Pre-Processing and Point Matching: The first
step of the proposed methodology is to improve the quality of the
input images by applying the CLAHE histogram equalization,
and at the same time the input images are resized to 600x800
pixels (Fig. 4(b)). Improving image quality helps to find more
matching points between the two images. Next, we are looking
for specific patterns or specific features, such as corners and
edges, which are unique and can be easily tracked and compared.
We search and find these features in the first and the second
image using the BEBLID descriptor [38], which detects and
extracts them. The Brute-Force descriptor matcher [39] is used
to compare the two sets of keypoint descriptors and to generate a
list of matches. A pair of food images is considered to be relevant
if it produces at least 50 matches.

2) Pose Estimation: Camera pose (rotation and translation
matrix) is referred to the position and orientation of a camera
in relation to the world coordinate system, known as the
reference coordinate system. To achieve this, we first filter
the inliers from the outliers matching points by calculating
the homographic matrix using the RANSAC-based robust
method [40]. The RANSAC maximum reprojection error
for treating a point as inlier is set to 0.6% of the largest
image dimension and the level of confidence is set to 99%. In
addition, to further improve the coordinates of corresponding
inliers, we use the optimal triangulation method, where for
each given inlier correspondence inliersi[i] <> inliers2[i] and
the fundamental matrix F from the corresponding inliers, it
computes the corrected correspondences newlnliersl[i] <
newlnliers2[i] that minimize the geometric error d(inliersl[i],
newlnliers1[i])>+d(inliers2[i],newInliers2[i]? (Fig.  4(c)),
(where d(a,b) is the geometric distance between inliers a and b),
subject to the epipolar constraint newlnliers2”sFxnewlnliers]
= 0 (Fig. 4(d)). Finally we can retrieve the relative camera
rotation and the translation matrices from the estimated essential
matrix and the corresponding inliers in two images, using the
cheirality check [41].

3) Scale Determination: In order to estimate the scale fac-
tor of the image, a reference card with known dimensions is
placed next to the dish. To find the scale factor, we first detect
the reference card in the image followed by its 3D reconstruction
to obtain the corresponding 3D coordinates. For reference card
detection we use a pattern of the card and we compute the
homography between the food image and the pattern (Fig. 4(e)).
Let dpes be the real distance of reference card and dg; be its
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size as obtained by estimation in 3D, then the scale factor is
computed using the ratio dr./d gsi.

4) Stereo Matching: To estimate the dense depth map be-
tween the two images, first the image pair is rectified, so that we
can search for corresponding pixels between them (Fig. 4(f)).
Stereo rectification reprojects the images to a new common
plane parallel to the line between the camera centers. If the
images have been rectified correctly, then a point in the first
image and a point in the second image, that correspond to the
same 3D world point, will be on the same vertical coordinate.
Next, we apply stereo matching techniques to estimate the dense
depth map, by finding the disparity map among corresponding
pixels in rectified images. To create the disparity map we use a
modified version of the algorithm proposed in [42]. Finally, in
this step we apply a weighted least square (wls) filter to align
the disparity map edges with those of the source image and
to propagate the disparity values from high- to low-confidence
regions (Fig. 4(g)).

5) 3D Reconstruction and Volume Estimation: To calcu-
late the volume of the food we need to reconstruct its 3D shape,
creating the corresponding 3D point cloud. Next, we convert the
point cloud to a 3D surface, using the Delaunay triangulation
[43], building a triangle mesh over the existing vertices of
the point cloud (Fig. 4(h)). Knowing that from a stereo vision
method we obtained an unstructured point cloud, we perform
surface reconstruction to get a network of triangles. The last step
of the proposed volume estimation subsystem is to calculate the
amount of the food. To achieve this, we need to extract the food
from the surface of the dish. Considering that the reference card
defines the table plane and the bottom of the dish, we apply the
RANSAC algorithm to find the plane with the largest support in
the point cloud (Fig. 4(h)). Then, only the 3D points above this
plane are used to estimate the volume of the food computing
the convex hull of triangles. Finally, the USDA database can be
used to estimate the weight of the food in grams using (1):

West = Vest * WUSDA/VUSDA7 (1)

ee] ok
= =

Example of the proposed methodology for the dietary assessment subsystem.

¢ — Inliers matching points

d — Epipolar lines

h — Point cloud and volume

after wls filter estimation of food

where V4, is the estimated volume of food, while W spa and
Vuspa are the weight and volume of food, respectively, in the
USDA food database. Finally, we use the Greek Food Composi-
tion Dataset to calculate macronutrients, such as carbohydrates,
proteins, and fats through (2):

Macroess = Macrogrop * West /100, (2)

where Macro.s; is the estimated macronutrient, while
Macro g pcp 1s the macronutrient of food in Greek Food Com-
position Dataset and Wy, is the estimated volume of food.

D. Implementation

We used the python programming language to implement
the dietary assessment system in the Anaconda environment.
Knowing the increased computing power requirements of CNN
models, we also used the cuda toolkit, the cudnn and tensorflow
libraries, for model training and validation of classification sub-
system, through the Nvidia GeForce RTX 3080 graphic process-
ing unit. Also, we used the opencv, scipy and open3d libraries
for the implementation of food volume estimation subsystem.

lll. RESULTS
A. Food Classification Subsystem

To evaluate the proposed food classification subsystem, we
further constructed and trained four well-known CNN classifica-
tion models. The additional CNN classification models we used
and trained are EfficientNetB2, ResNet50 [44], InceptionV3
[45] and DenseNet169 [46]. In all four models, we applied the
fine-tuning technique using the pre-trained weights in the Ima-
geNet dataset [47] for the frozen layers. In the proposed model,
we applied the fine-tuning using the weights of the pre-trained
EfficientNetB2 model in the Food-101 dataset, which is the
methodology we propose to evaluate the food classification sub-
system. More specifically, in the first model (EfficientNetB2),
we applied the fine-tuning technique retraining the last two
convolutional blocks of layers in the MedGRFood dataset. By
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TABLE |
CLASSIFICATION RESULTS BETWEEN THE FIVE MODELS

Model 122;2‘%, (%) itc)gl-liacy (%) Loss Recall F1-score
First model (EfficientNetB2) 80.6 96.7 0.85 0.81 0.80
Second model (ResNet50) 78.2 95.8 1.13 0.78 0.78
Third model (InceptionV3) 79.3 96.1 1.02 0.79 0.79
Fourth model (DenseNet169) 81.1 96.5 0.90 0.81 0.81
Proposed model 83.8 97.6 0.68 0.84 0.83

using this model, we achieved 80.6% and 96.7% top-1 and top-5
accuracy, respectively, while the loss of the model was 0.85.
In the second model (ResNet50), we applied the fine-tuning
technique retraining the last convolutional block of layers in the
MedGRFood dataset. By using the second model, we achieved
78.2% and 95.8% top-1 and top-5 accuracy, respectively, while
the loss of the model was 1.13. In the third model (InceptionV3),
we applied the fine-tuning technique retraining the last two
convolutional blocks of layers in the MedGRFood dataset. By
using the third model, we achieved 79.3% and 96.1% top-1
and top-5 accuracy, respectively, while the loss of the model
was 1.02. In the fourth model (DenseNet169), we applied the
fine-tuning technique retraining the last convolutional block of
layers in the MedGRFood dataset. By using the fourth model,
we achieved 81.1% and 96.5% top-1 and top-5 accuracy, re-
spectively, while the loss of the model was 0.90. In the proposed
model, we first trained our model in the Food-101 dataset. Then,
we used these weights for the first layers of the base model,
while for the last two blocks of layers, we applied the fine-tuning
technique, retraining them in the MedGRFood dataset. The top-1
and top-5 accuracy for the proposed method were 83.8% and
97.6%, respectively, while the loss was 0.68. Table I presents
the classification results of the five models. All models have
been trained for 250 epochs using the same hardware. The Med-
GRFood dataset is partitioned into the training and validation
set, using a ratio of 78:22 (78% is used for model training and
22% is used for model validation).

We observe that the first four models which are pre-trained
in the ImageNet dataset, have lower values in the top-1, top -5,
recall and f1-score indices while they have a higher value in the
loss index. The comparison of the classification models with the
proposed model shows that the use of pre-trained weights from
arelevant dataset with the dataset of images we want to classify,
leads to obtaining better results than training the classification
model using pre-trained weights of a more general image dataset.
In addition, it is worth mentioning the significant difference
in the loss index, between these models, where our proposed
methodology achieves the lowest value. Fig. 5 shows the curves
of the top-1 accuracy, top-5 accuracy and loss indices in the
validation set between the five classification models, proving the
efficiency of the proposed model for food image classification.
Overall, we see that the proposed model has the best values in all
indices, followed by EfficientNetB2 along with DenseNet169,

InceptionV 3 being the fourth in a row in performance and finally
ResNet50. Examining the loss index curves, we notice that in
CNN ResNet50, InceptionV3 and DenseNet169 networks there
is a slight tendency for the index to increase over the epochs,
while in the proposed model and in EfficientNetB2 the value of
the loss index remains constant. In addition, the proposed model
has a very low value for the loss index, that shows how well
our model behaves after each iteration of optimization. Also,
the comparison between the curves of the models shows that
our methodology allows the fastest convergence to the optimal
value of each index. The total number of training parameters
created between the models is huge, requiring a lot of training
time and an increased computational cost and power. In addition,
we must not forget that the proposed methodology presupposes
the training of the base model in the Food-101 dataset, requiring
additional training time. However, the improvement of the top-1
and top-5 accuracy indices and the reduction of the loss index
value, make the deep learning model we proposed a better choice
to deal with the food classification problems. The high value of
the top-1 accuracy index of the proposed methodology, con-
sidered that there are several foods in the MedGRFood dataset
that may look-alike (i.e., moussaka, pastitsio, lasagna, spinach
pie, cheese pie, etc.), make the classification of food difficult
and they maintain the top-1 accuracy in a constant value (about
84%). The fact that several foods look similar is evident from
the value of the top-5 accuracy index, which is very high and
is one of the best top-5 values according to the literature [48].
By achieving better performance with the proposed model pre-
trained in food imaging data when compared to the pre-trained
models in non-food imaging data, we proved the superiority of
the proposed classification model.

B. Food Volume Estimation Subsystem

To evaluate the food volume, we have calculated the mean
absolute percentage error (MAPE) for the food dishes, and have
made five different estimates for each dish from the MedGRFood
dataset. Equation (3) is used to calculate MAPE; of each dish
[18].
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Top-1, top-5 and loss comparison between the classification

where V., 1S the real volume of food, while V., is the estimated
volume. To calculate the overall MAPE of the food volume
estimation subsystem we use (4). In total, we estimate the
volume of 148 dishes from the MedGRFood image dataset.

148

MAPEoyeran = —= ¥  MAPE, )
=1

148 4

TABLE I
SUBSYSTEM MAPE FOR EACH FOOD CATEGORY

Food category Nurflber of MAPE
dishes (%)
Milk,. dairy products or milk 1 15.4
substitutes
Egg or egg products 3 11.4
Meat or meat products 23 8.6
Seafood or related products 20 8.7
Grain or grain products 48 10.3
Vegetable or vegetable products 28 10.6
Sugar or sugar products 1 10.2
Miscellaneous food products 24 13

The overall MAPE of the proposed food volume estimation
subsystem is 10.5%. Table II shows the number of different
dishes and the MAPE index for each food category from the
MedGRFood dataset. We observe that categories of foods that
contain dishes with few and weak features, such as milk prod-
ucts, present a higher MAPE compared to categories of dishes
with many and strong features, such as meat products. In Fig. 6
we observe that the dishes belonging to the miscellaneous prod-
ucts category have the largest distribution, which is explained
by the diversity of dishes belonging to this category. Finally,
categories such as seafood, meat and vegetables products a
controlled distribution as they consist of dishes with similar
features.

IV. DISCUSSION AND CONCLUSION

In this paper we presented an automated image-based dietary
assessment system which consists of three major parts: (i) the
MedGRFood image dataset, (ii) the food classification subsys-
tem and (iii) the food volume estimation subsystem.

The use of deep learning techniques to classify food images
requires the development of datasets with a big amount of
imaging data. However, the existing food image datasets are
limited to the number of food classes, depending on the dataset
constructor’s eating habits and the type of cuisine one wants to
cover. In addition, image quality has positive or negative effect
on the performance of classification systems, so it is equally
important that the food image dataset contains high-resolution
images. High quality images allow the classification model to
be trained with higher-resolution images, in which more details
of the food are discernible, creating models having better ac-
curacy. The MedGRFood image dataset is a first step towards
the creation of a complete dataset of food images representing
the Mediterranean cuisine and diet, according to the Greek
Food Composition Dataset by the Hellenic Health Foundation.
Expanding the dataset by adding images from missing foods
classes and categories, such as fruits, is the next step in com-
pleting it, which will provide a comprehensive food dataset with
high-resolution images available to the scientific community for
research purposes.

By using the EfficientNetB2 pre-trained in Food-101 image
dataset as base classification model and by applying fine tuning,
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transfer learning and data augmentation techniques, we were
able to achieve 83.8% top-1 accuracy and 97.6% top-5 accuracy
in the MedGRFood food image dataset. By achieving better
performance with the proposed model in the Food-101 when
compared to the pre-trained models in the ImageNet, we proved
the significancy of pre-trained classification model in a rele-
vant dataset. Our methodology presupposes the identification
of the appropriate dataset and the training of the base model
in the Food-101 dataset. While most food classification models
are either trained in a dataset from scratch or use a pre-trained
model in the ImageNet dataset, we used a pre-trained model
on a food dataset. Therefore, the proposed methodology for
image classification, can also be used to classify images from
different datasets. Knowing that basic image processing tasks
(such as edge detection) are performed in the first layers of a
CNN classification model, we used the pre-trained weights of a
related dataset to significantly improve all classification indices.
We chose the EfficientNet as base model because it achieves
both higher accuracy and better efficiency compared to previous
CNNss image classification models. Furthermore, the computa-
tional cost, the parameters size in addition to the time required to
train the model based on EfficientNet are substantially smaller.

Finally, we described and analyzed the procedure for esti-
mating the volume of the food using a stereo vision approach.
The proposed volume estimation subsystem presupposes two
captured images to calculate the amount of food contained in
a shallow dish. The volume estimation pipeline involves 3D
reconstruction of food using stereo vision techniques, such as
feature detection and extraction, feature matching, pose esti-
mation, scale determination, stereo matching and point cloud
generation. The overall MAPE of the proposed methodology
is 10.5% for 148 different dishes from the MedGRFood image
dataset. The dish with the lowest MAPE is the beefsteak while
the dish with the highest MAPE is the fish roe dip, with MAPE
values 5.1% and 21.3%, respectively.

Comparing our proposed dietary assessment system to the
related literature, we observe that we have created a unique
Mediterranean image dataset suitable for both food image classi-
fication systems and food volume estimation systems. Moreover,
the proposed food classification methodology gives a very good
top-1 accuracy, an excellent top-5 accuracy, and a very low
loss index. By counting the number of food classes we want
to classify and by comparing the classification results with other
food image classification models, we observe that our results are
among the best in literature. Finally, the proposed volume esti-
mation subsystem calculates the MAPE for the largest number
of dishes in the relevant literature.

The main advantage of the proposed methodology is thatitis a
fully automated process to calculate the nutritional composition
capturing food images through a smartphone camera. This is
what today is used and it is easy to be used by most of the people
and of all ages to capture photos and more specifically food
images, which provide the capability of continuous recording
of health data in real time. The use of mobile devices and cloud
technology to monitor health data and sharing it with physicians,
can lead to faster and lower misdiagnosis of diseases, such as
diabetes, obesity and CVDs. By creating a new food image
dataset and using methods and techniques from computer vision
and image processing, we offer a possible solution to the problem
of calculating food nutrition through images. A limitation of the
proposed methodology is that it estimates the nutritional compo-
sition of foods contained only in shallow dishes which must be
improved to include different types of dishes (i.e., deep dishes).

V. SUPPLEMENTARY MATERIALS

The Supplementary Materials includes food images of the
MedGRFood dataset, learning rate schedule, higher resolution
food point cloud reconstruction images and tables that contain
the top-5 dishes with higher and lower MAPE index.



54

IEEE OPEN JOURNAL OF ENGINEERING IN MEDICINE AND BIOLOGY, VOL. 4, 2023

(1]

(2]

(3]

(4]

[5]

(6]
(71

(8]

[91

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

REFERENCES

World Health Organization, “Diabetes,” 2022. Accessed: Sep. 16, 2022.
[Online]. Available: https://www.who.int/news-room/fact-sheets/detail/
diabetes

International Diabetes Federation, “Diabetes facts & figures,” 2022.
Accessed: Dec. 19, 2022. [Online]. Available: https://www.idf.org/
aboutdiabetes/what-is-diabetes/facts- figures.html

World Health Organization, “Cardiovascular diseases (CVDs),” 2021.
Accessed: Jun. 11,2021. [Online]. Available: https://www.who.int/news-
room/fact-sheets/detail/cardiovascular-diseases-(cvds)

World Health Organization, “Obesity and overweight,” 2021. Accessed:
Jun. 9, 2021. [Online]. Available: https://www.who.int/news-room/fact-
sheets/detail/obesity-and-overweight

C. Koliaki, S. Liatis, and A. Kokkinos, “Obesity and cardiovascular
disease: Revisiting an old relationship,” Metabolism, vol. 92, pp. 98-107,
2019.

T. P. Velavan and C. G. Meyer, “The COVID-19 epidemic,” Trop. Med.
Int. Health, vol. 25, no. 3, pp. 278-280, 2020.

World Health Organization, “Coronavirus disease (COVID-19),” 2021.
Accessed: May 12, 2021. [Online]. Available: https://www.who.int/
emergencies/diseases/novel-coronavirus-2019

Y. Zheng, S. H. Ley, and F. B. Hu, “Global aetiology and epidemiology of
type 2 diabetes mellitus and its complications,” Nature Rev. Endocrinol.,
vol. 14, no. 2, pp. 88-98, 2018.

J. Sharifi-Radet al., “Diet, lifestyle and cardiovascular diseases: Linking
pathophysiology to cardioprotective effects of natural bioactive com-
pounds,” Int. J. Environ. Res. Public Health, vol. 17, no. 7, 2020,
Art. no. 2326.

S. Fang, Z. Shao, D. A. Kerr, C. J. Boushey, and F. Zhu, “An end-to-end
image-based automatic food energy estimation technique based on learned
energy distribution images: Protocol and methodology,” Nutrients, vol. 11,
no. 4, 2019, Art. no. 877.

L. Bossard, M. Guillaumin, and L. Van Gool, “Food-101-mining discrimi-
native components with random forests,” in Proc. Eur. Conf. Comput. Vis.,
2014, pp. 446-461.

J. Chen and C.-W. Ngo, “Deep-based ingredient recognition for cooking
recipe retrieval,” in Proc. 24th Assoc. Comput. Machinery Int. Conf.
Multimedia, 2016, pp. 32—41.

Y. Matsuda, H. Hoashi, and K. Yanai, “Recognition of multiple-food im-
ages by detecting candidate regions,” in Proc. IEEE Int. Conf. Multimedia
Expo., 2012, pp. 25-30.

G. Ciocca, P. Napoletano, and R. Schettini, “Food recognition: A new
dataset, experiments, and results,” IEEE J. Biomed. Health Inform., vol. 21,
no. 3, pp. 588-598, May 2017.

Y. Kawano and K. Yanai, “Automatic expansion of a food image dataset
leveraging existing categories with domain adaptation,” in Proc. Eur. Conf.
Comput. Vis., 2014, pp. 3-17.

M. M. Anthimopoulos, L. Gianola, L. Scarnato, P. Diem, and S. G.
Mougiakakou, “A food recognition system for diabetic patients based on
an optimized bag-of-features model,” IEEE J. Biomed. Health Inform.,
vol. 18, no. 4, pp. 1261-1271, Jul. 2014.

L. Xiao, T. Lan, D. Xu, W. Gao, and C. Li, “A simplified CNNs visual
perception learning network algorithm for foods recognition,” Comput.
Elect. Eng., vol. 92, 2021, Art. no. 107152.

J. Dehais, M. Anthimopoulos, S. Shevchik, and S. Mougiakakou, “Two-
view 3D reconstruction for food volume estimation,” IEEE Trans. Multi-
media, vol. 19, pp. 1090-1099, 2017.

Y. Ando, T. Ege, J. Cho, and K. Yanai, “Depthcaloriecam: A mobile
application for volume-based foodcalorie estimation using depth cameras,”
in Proc. 5th Int. Workshop Multimedia Assist. Dietary Manage., 2019,
pp. 76-81.

W. Jiaet al., “Accuracy of food portion size estimation from digital pictures
acquired by a chest-worn camera,” Public Health Nutr., vol. 17, no. 8,
pp. 1671-1681, 2014.

P. Pouladzadeh, S. Shirmohammadi, and R. Al-Maghrabi, “Measuring
calorie and nutrition from food image,” IEEE Trans. Instrum. Meas.,
vol. 63, no. 8, pp. 1947-1956, Aug. 2014.

Q. Thameset al., “NutritionSk: Towards automatic nutritional understand-
ing of generic food,” in Proc. IEEE/CVF Conf. Comput. Vis. Pattern
Recognit., 2021, pp. 8903-8911.

G. A. Tahir and C. K. Loo, “A comprehensive survey of image-based
food recognition and volume estimation methods for dietary assessment,”
Healthcare, vol. 9, no. 12, 2021, Art. no. 1676.

A. Trichopoulou and K. Georga, “Composition tables of foods and Greek
dishes,” School of Medicine, 2004.

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

F. S. Konstantakopoulos, E. I. Georga, and D. 1. Fotiadis, “Mediterranean
food image recognition using deep convolutional networks,” in Proc. IEEE
43rd Annu. Int. Conf. Eng. Med. Biol. Soc., 2021, pp. 1740-1743.

F. Konstantakopoulos, E. I. Georga, and D. I. Fotiadis, “3D Reconstruction
and volume estimation of food using stereo vision techniques,” in Proc.
IEEE 21st Int. Conf. Bioinf. Bioeng., 2021, pp. 1-4.

F. S. Konstantakopouloset al., “GlucoseML mobile application for au-
tomated dietary assessment of mediterranean food,” in Proc. IEEE 44th
Annu. Int. Conf. Eng. Med. Biol. Soc., 2022, pp. 1432-1435.

S. Gebhardt et al., “USDA national nutrient database for standard refer-
ence, release 21,7 United States Dept. Agriculture, Agricultural Res. Serv.,
2006.

A. Trichopoulouet al., “Definitions and potential health benefits of the
Mediterranean diet: Views from experts around the world,” Biomed. Cen-
tral Med., vol. 12, no. 1, 2014, Art. no. 112.

V. Tosti, B. Bertozzi, and L. Fontana, “‘Health benefits of the Mediterranean
diet: Metabolic and molecular mechanisms,” J. Gerontol.: Ser. A, vol. 73,
no. 3, pp. 318-326, 2018.

J. Salas-Salvadd, N. Becerra-Tomads, J. F. Garcia-Gavilan, M. Bullo, and
L. Barrubés, “Mediterranean diet and cardiovascular disease prevention:
What do we know?,” Prog. Cardiovasc. Dis., vol. 61, no. 1, pp. 62-67,
2018.

M. Tan and Q. Le, “EfficientNet: Rethinking model scaling for con-
volutional neural networks,” in Proc. Int. Conf. Mach. Learn., 2019,
pp. 6105-6114.

M. Sandler, A. Howard, M. Zhu, A. Zhmoginov, and L.-C. Chen, “Mo-
bilenetv2: Inverted residuals and linear bottlenecks,” in Proc. IEEE Conf.
Comput. Vis. Pattern Recognit., 2018, pp. 4510-4520.

L. Bottou, “Large-scale machine learning with stochastic gradient de-
scent,” in Proc. 19th COMPSTAT Int. Conf. Comput. Statist., 2010,
pp. 177-186.

X. Zhang, D. Chang, W. Qi, and Z. Zhan, “A Study on different func-
tionalities and performances among different activation functions across
different ANNs for image classification,” J. Phys.: Conf. Ser., vol. 1732,
no. 1, 2021, Art. no. 012026.

W. Rawat and Z. Wang, “Deep convolutional neural networks for image
classification: A comprehensive review,” Neural Comput., vol. 29, no. 9,
pp. 2352-2449, 2017.

J. Wang and L. Perez, “The effectiveness of data augmentation in im-
age classification using deep learning,” Convolutional Neural Netw. Vis.
Recognit., vol. 11, pp. 1-8, 2017.

I. Suérez, G. Sfeir, J. M. Buenaposada, and L. Baumela, “BEBLID:
Boosted efficient binary local image descriptor,” Pattern Recognit. Lett.,
vol. 133, pp. 366372, 2020.

F. K. Noble, “Comparison of OpenCV’s feature detectors and feature
matchers,” in Proc. IEEE 23rd Int. Conf. Mechatronics Mach. Vis. Pract.,
2016, pp. 1-6.

R. Raguram, J.-M. Frahm, and M. Pollefeys, “A comparative analysis
of RANSAC techniques leading to adaptive real-time random sample
consensus,” in Proc. 10th Eur. Conf. Comput. Vis., 2008, pp. 500-513.
D. Nistér, “An efficient solution to the five-point relative pose problem,”
IEEE Trans. Pattern Anal. Mach. Intell., vol. 26, no. 6, pp. 756-770,
Jun. 2004.

H. Hirschmuller, “Stereo processing by semiglobal matching and mutual
information,” IEEE Trans. Pattern Anal. Mach. Intell., vol. 30, no. 2,
pp. 328-341, Feb. 2008.

Y. Xu, K. Liu, J. Ni, and Q. Li, “3D reconstruction method based on
second-order semiglobal stereo matching and fast point positioning de-
launay triangulation,” PLoS One, vol. 17, no. 1, 2022, Art. no. e0260466.
K. He, X. Zhang, S. Ren, and J. Sun, “Deep residual learning for image
recognition,” in Proc. IEEE Conf. Comput. Vis. Pattern Recognit., 2016,
pp. 770-778.

C. Szegedy, V. Vanhoucke, S. Ioffe, J. Shlens, and Z. Wojna, “Rethinking
the inception architecture for computer vision,” in Proc. IEEE Conf.
Comput. Vis. Pattern Recognit., 2016, pp. 2818-2826.

G. Huang, Z. Liu, L. Van Der Maaten, and K. Q. Weinberger, “Densely
connected convolutional networks,” in Proc. IEEE Conf. Comput. Vis.
Pattern Recognit., 2017, pp. 4700-4708.

A. Krizhevsky and I. Sutskever, and G. E. Hinton, “Imagenet classifica-
tion with deep convolutional neural networks,” in Proc. Adv. Neural Inf.
Process. Syst., 2012, pp. 1097-1105.

F. P. W. Lo, Y. Sun, J. Qiu, and B. Lo, “Image-based food clas-
sification and volume estimation for dietary assessment: A review,’
IEEE J. Biomed. Health Inform., vol. 24, no. 7, pp.1926-1939,
Jul. 2020.


https://www.who.int/news-room/fact-sheets/detail/diabetes
https://www.who.int/news-room/fact-sheets/detail/diabetes
https://www.idf.org/aboutdiabetes/what-is-diabetes/facts-figures.html
https://www.idf.org/aboutdiabetes/what-is-diabetes/facts-figures.html
https://www.who.int/news-room/fact-sheets/detail/cardiovascular-diseases-(cvds)
https://www.who.int/news-room/fact-sheets/detail/cardiovascular-diseases-(cvds)
https://www.who.int/news-room/fact-sheets/detail/obesity-and-overweight
https://www.who.int/news-room/fact-sheets/detail/obesity-and-overweight
https://www.who.int/emergencies/diseases/novel-coronavirus-2019
https://www.who.int/emergencies/diseases/novel-coronavirus-2019


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


