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Abstract. With the continuous increase of artificial intelligence applications in
modern life, the segmentation of images is one of the fundamental tasks in com-
puter vision. Image segmentation is the key for many applications and is backed by
a large amount of research, including medical image analysis, healthcare services
and autonomous vehicles. In this study we present a semantic segmentation model
for food images, suitable for healthcare systems and applications as major part
of the dietary monitoring pipeline, trained on an annotation dataset of Mediter-
ranean cuisine food images. To segment the images, we use for feature extraction
the ResNet-101 CNN model pre-trained on the ImageNet LSVRC-2012 dataset
as a backbone network and the Pyramid Scene Parsing Network - PSPNet archi-
tecture for food image segmentation. For the evaluation metric we use the Inter-
section over Union, where the proposed model achieves a meanloU score 0.758
in 50 classes of the Mediterranean Greek Food image dataset and 0.933 IoU score
in food/non-food segmentation. To evaluate the proposed segmentation model,
we train and evaluate a U-Net segmentation model on the same dataset, which
achieves meanloU 0.654 and IoU score 0.901 in multiclass and food/non-food
segmentation, respectively.
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1 Introduction

In healthcare systems, image segmentation is used to segment biomedical images into
different regions to assist physicians in diagnosing diseases [1]. Also, image segmenta-
tion can be used to dietary assessment applications, as part of the nutritional composition
system, to assist individuals to follow a healthy diet, preventing chronic diseases such as
obesity, diabetes, cardiovascular diseases (CVDs) and cancer [2]. Every year, millions
of people are died from chronic diseases. For example, in 2021, diabetes was responsible
for 6.7 million deaths worldwide [3]. A common factor that can affect the treatment of
the above diseases is the management of the daily diet. Healthy habits are essential for
the management of these diseases and, in some cases, changing the daily diet may be
enough to control the disease.
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The image dataset is the key to creating a high-accurate model for a food image
segmentation system. However, image datasets for deep learning segmentation models
are hard to collect, because a lot of professional expertise is needed to label them.
Moreover, the need for highly performance deep learning models requires the collection
of large numbers of images. In dietary assessment systems there are a few datasets
suitable for the training and evaluation of deep learning segmentation models. A food
image dataset can be characterized by the total number of images they include, the
number of food classes, the source of the food images, the type of cuisine and by the task
they can be used (e.g., food segmentation, food classification or food volume estimation
task). For example; Food524DB [4] represents a generic type of cuisine and consists
of 247,636 food images with 524 food classes acquired from previous datasets; Vireo
Food-172 [5] represents the Japanese cuisine and consists of 110,241 food images with
172 food classes downloaded from the web; while Food201-segmented [6] can be used
for food image segmentation tasks.

The food image segmentation task plays an important role in Al applications for the
daily management of nutrition [7]. These systems are divided in two main categories: (i)
traditional machine learning segmentation approaches with handcrafted feature extrac-
tion [8], and (ii) deep learning segmentation approaches with automatic feature extraction
[9]. Traditional machine learning approaches, use feature extraction algorithms, such as
Gabor features and Speed-up robust features (SURF), to find and extract the features of
the food image and then, the features are fed to a classifier, such as random forests, to
segment the food [10]. In [11], an interactive food image segmentation algorithm has
been proposed, where food parts are extracted based on user’s inputs in the first step
and then, a boundary detection and filling and the Gappy principal component analysis
methods are applied to restore the missing information.
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Fig. 1. An instance segmentation model for food items pixel classification.

Today, Convolutional Neural Networks (CNNs) a class of deep neural networks
(DNN), are the state of the art methodology in food image segmentation systems. CNN
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models are extremely accurate for computer vision tasks and surpass the traditional
machine learning models in image segmentation Intersection over Union (IoU) metric.
The deep learning techniques that are used for image segmentation are divided into
semantic and instance segmentation techniques (Fig. 1). Semantic segmentation models
provide segment maps as outputs that correspond only to the inputs they are fed, while
instance segmentation models detect and delineate each distinct object of interest that
appears in the image. In food image segmentation, semantic segmentation techniques
are mainly used, which aim either to segment the food from the background, or to
segment the different types of food contained in the image. For example, in [12] they
proposed a semantic segmentation deep learning model which achieved 0.931 IoU score
in food/no-food segmentation task using a DeepLab-V2 model in the UNIMIB-2016
[13] food image dataset, while in [9] they achieved 0.439 meanloU for the segmentation
of 103 food labels, by combining the proposed Recipe Learning Module (ReLe) and the
Segmentation Transformer (SeTR) [14].

In this study, we propose a semantic segmentation network to segment images con-
taining Mediterranean foods. Using a new food image annotated dataset, we present the
architecture of the proposed segmentation model and its training pipeline. Our network
is suitable for detecting specific food items as well as for separating food from the back-
ground using a semantic segmentation model. Although the segmentation step is not
necessary in several dietary assessment systems, we observe that the studies using the
segmentation step, result in better performance [15]. Relative to similar approaches, the
innovation of this study is that it proposes a state of the art pre-trained DCNN model for
food image segmentation using a novel annotated dataset of Mediterranean cuisine food
images. While most related approaches focus on either handcrafted feature extraction
or using existing annotated datasets [15], we propose a deep learning model for feature
extraction and a new annotated food image dataset, which can be used in classification
and volume estimation stages in dietary assessment systems. The proposed model can
be part of dietary assessment systems and applications, by improving the accuracy of
image classification and food volume estimation stages. In addition, it is suitable for
healthcare systems that monitor patient malnutrition in hospitals, offering the ability to
track the different food items served with the tray to the patient. Finally, to prove the
dominance of the proposed segmentation model, we compare the performance of an
additional segmentation model using a different architecture.



52 F. S. Konstantakopoulos et al.
2 Methods

2.1 Food Image Dataset

In the present study, for the training and the evaluation of the segmentation model, we
use two image datasets: (i) the ImageNet LSVRC-2012, and (ii) the MedGRFood' [16].
ImageNet is a large image dataset, that contains 1,431,167 images belonging to 1,000
object classes, such as bus, dog, puzzle etc. The MedGRFood is a new food image
dataset, which contains 51,840 Mediterranean food images belonging to 160 classes
appropriate for classification tasks and an additional 20,000 Mediterranean food images
belonging to 190 classes appropriate for volume estimation tasks. All the images have
been collected from the web and under a controlled environment along with their weight.
For the proposed segmentation model, we annotated 5,000 food images of 50 classes
from the MedGRFood dataset, with respect to the food category, the exact food name,
the cuisine and the weight of food. Figure 2 shows images from the datasets ImageNet
and MedGRFood.

Fig. 2. Images from ImageNet LSVR and MedGRFood datasets. The first row shows images
from the ImageNet dataset and the others rows show images from the MedGRFood dataset.

2.2 Segmentation Network Architecture

Knowing that most semantic segmentation models contain two main parts (i) an encoder
and (ii) a decoder, for feature map extraction and pixel prediction, respectively, we
choose the Pyramid Scene Parsing Network (PSPNet) [17] architecture for food image
segmentation. Specifically, the proposed PSPNet encoder contains the ResNet-101 [18]
model as backbone network with dilated convolutions along with the pyramid pooling
module for feature extraction. ResNet-101 is a 101-layer deep CNN that democratizes
the concepts of residual learning and skip the connections between some of the blocks.

I MedGRFood dataset is available for research purposes via the website: http://glucoseml.gt/.


http://glucoseml.gr/
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We use a pretrained version of ResNet-101, trained on the ImageNet dataset. Knowing
that the early layers on CNNs 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 ImageNet dataset
by transferring knowledge to our own task. In PSPNet architecture, the last layers of the
backbone network replace the convolutional layers with dilated convolutional layers,
which help the receptive field to grow. The dilated convolution layers are placed in the
last two blocks of the backbone network with dilation values two and four, respectively,
so that the features obtained at the end of the backbone contain richer features. The
dilation value determines the sparsity when performing the convolution. The pyramid
pooling module is the main part of the PSPNet architecture, which acts as an efficient
global contextual prior, helping the model to classify the pixels based on the global
information present in the image. Using a multi-level pyramid with four different scales
(1 x1,2x2,3 x3and 6 x 6), the pooling kernels cover different size portions of
the image. After each pyramid level, we used a 1 x 1 convolutional layer to reduce
the dimension of context to maintain the weight of global feature. Then, the upsampled
maps are concatenated with the original feature map to pass to the decoder. The decoder
takes the features of the encoder and turns them into predictions, by passing them into
its layers. Finally, we use a convolutional layer followed by an 8x bilinear upasampling,
as decoder for our segmentation network to recover the original size. The architecture
of the proposed classification model is shown in Fig. 3.
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Fig. 3. The architecture of the proposed semantic segmentation model
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2.3 Training and Testing

For the training phase, all images are resized to 240 x 240 x 3 resolution and the total
number of the models’ trainable parameters are 4,052,219. The MedGRFood dataset
is partitioned into the training and validation set, using a ratio of 90:10 (90% is used
for model training and 10% is used for model validation). In total, we used 4,500 food
images and their masks for training, and 677 images and their masks for the validation
set. Moreover, we chose a scaled learning rate with initial value 0.0001 and final value
0.0000001. The learning rate decreases by a factor 0.9 when the validation loss stops
improving for three epochs. The model is trained for 50 epochs using the Adam optimizer
[19], with an early stopping function if the validation accuracy stops improving for five
epochs.

In several studies [20], pixel accuracy is chosen as the evaluation metric for the
segmentation task. This metric can sometimes provide misleading results, when there
are classes in the image with few pixel representations, as the measure will be biased in
reporting how well you recognize the negative case. Here, we used the mean Intersection
over Union score (meanloU) to compute the accuracy of the proposed segmentation
model. The IoU measures the similarity between finite sample sets, and is defined as the
size of the intersection divided by the size of the union of the sample sets (Eq. 1). Then,
to calculate the meanloU of the 50 food classes we used Eq. 2:

Yirue N Ypred

IoU = , (D
Yirue U Ypred
1 50
meanloU = Zi:l loU;, )

where Yy is the ground truth of the food image and Y /. is the prediction mask.
We used the IoU loss function for our segmentation problem. The Eq. 3 shows the
computation of IoU jyss:

IoU 5 =1 —I0U. 3
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2.4 Implementation

We used the python programming language to implement the semantic segmentation
model in the Anaconda environment. Knowing the increased computing power require-
ments of CNN models, we also used the cuda toolkit, the cudnn and tensorflow libraries,
for model training and validation of classification subsystem, through the Nvidia GeForce
RTX 3080 graphic processing unit. Also, we used the opencv and the segmentation
models libraries for the implementation of the proposed food segmentation models.

3 Results

To evaluate the proposed food semantic segmentation model, we further constructed and
trained an additional segmentation model using the U-net architecture [21]. We trained
the U-net model with exactly the same parametrization that we applied to the proposed
model with the PSPNet architecture. Moreover, we built and trained two additional binary
segmentation models for food and non-food segmentation. At these models we aimed
to segment food regions from the background. Table 1 presents the segmentation results
of the four models. We observe that the proposed model achieves a higher meanloU
score from the U-net model. The PSPNet architecture considers the global context of
the image to predict the local level prediction and, therefore, gives better performance
on the MedGRFood dataset. In addition, the difference in the total number of generated
parameters between the two models is very large, which requires more training time for
the U-net model.

Table 1. Segmentation Results Between the Four Models.

Model MeanloU |Loss | Training time (ms/step) | Number of parameters
(x10%)

Multiclass PSPNet | 0.758 0.242 |320 4.052

Multiclass U-net 0.654 0.346 |370 51.512

Binary PSPNet 0.933 0.076 | 140 4.052

Binary U-net 0.901 0.099 | 201 51.512

In Fig. 4 we present the multiclass and binary segmentation results of the proposed
model. We observe that the predicted mask is very close to the real mask of the test
image in multiclass segmentation. We also notice that there is no wrong result in the
class estimation, despite the fact that the number of 50 classes is quite large. We see that
there is a slight deviation in the food mask prediction from its ground truth. Regarding
the food segmentation from the image background, i.e., the binary segmentation, the
extracted food mask is almost identical to its actual mask. This is a very crucial step in
dietary assessment systems, because having the mask of the food we can use a classifi-
cation model to predict its class very accurately. In Fig. 5 we present the multiclass and
binary segmentation results of the U-net model. In multiclass semantic segmentation,
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Fig. 4. Multiclass and binary semantic segmentation results of the proposed model.

we observe that the predicted mask has differences from the food ground truth. More-
over, we see that the U-net model incorrectly recognizes the food class in the second
row. Comparing the results of the two semantic segmentation architectures, we can say
that U-net does not perform as well as PSPNet, as it is not able to capture the context
of the whole image. In predicted masks with differences with their ground truths, the
application of morphological operations, such as erosion and dilation, could lead to the
improvement of the results.
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Fig. 5. Multiclass and binary semantic segmentation results of the U-net model.

4 Discussion and Conclusions

In food image databases, the use of deep learning techniques for food segmentation tends
to create annotated databases with the largest possible number of images for each food
class. However, the existing annotated databases are few and limited to the number of
food classes they contain. Thus, there is a necessity to create a generic annotated food
image database which covers as many food categories as possible and represents the
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types of food from all cuisines. The collection of food images and the creation of food
image databases is an easier task nowadays, due to the habit of capturing and posting
images on social media. However, creating an annotated database of food images using
their weight in addition to the type of food, remains a challenging task and will help
build better and more accurate models for the segmentation and volume estimation steps
in dietary assessment systems.

In automated food segmentation, the use of deep learning techniques has resulted in
better performance compared to image processing techniques. Semantic segmentation
and instance segmentation are techniques that have been used on a small scale in food
image segmentation and could further improve the segmentation performance of dietary
assessment systems. This presupposes the use of annotated food image databases, as it
is a prerequisite to build segmentation models based on deep learning. In recent studies
[22], the step of food image segmentation is omitted and in some others the performance
of this step is not reported. In other studies, although the performance of the methods
used to segment food images is high and improves the classification accuracy, there are
still open issues related to cases where there are mixed foods. In these cases, the use of
state of the art segmentation techniques, such as semantic and instance segmentation,
can be used to improve the performance of this step and improve the efficiency to the
classification step.

In this study, we presented a semantic segmentation model for multiclass and binary
segmentation, using the pre-trained ResNet-101 as backbone network to the PSPNet
architecture, applying the transfer learning technique from the ImageNet dataset. Com-
paring our results with related studies, we notice that the meanloU score for multiclass
segmentation has an excellent value, while the IoU score for food/non-food segmenta-
tion is one of the best results in the related literature [15]. To demonstrate the superiority
of the proposed methodology, we built and trained an additional segmentation model
based on the U-net architecture. The proposed model performs better and provides more
accurate food segments in both multiclass and binary segmentation. This is due to the
PSPNet ability to render the context of the whole image and to locate the objects of inter-
est with higher accuracy. Open issues of this study are: (i) the ability of the segmentation
model to separate complex foods, (ii) the segmentation of dishes containing two or more
food items, (iii) the segmentation of dishes with overlaps between food items and, (iv)
to calculate a good accuracy score of semantic segmentation models on an image with
two or more food classes.
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