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ABSTRACT: Nowadays, standard intake of healthy food is necessary for keeping a balanced diet to avoid obesity in the human body. Literature has indicated that accurate dietary assessment is very important for assessing the effectiveness of weight loss interventions. However, most of the existing dietary assessment methods rely on memory. With the help of pervasive mobile devices and rich cloud services, it is now possible to develop new computer-aided food recognition system for accurate dietary assessment. But Food Recognition does not allow data incremental learning and often suffer from catastrophic interference problems during the class incremental learning. This is an important issue in food recognition since real-world food datasets are open-ended and dynamic, involving a continuous increase in food samples and food classes. Model retraining is often carried out to cope with the dynamic nature of the data, but this demands high-end computational resources and significant time. This paper proposes a new open-ended continual learning framework by employing transfer learning on deep models for feature extraction, Relief F for feature selection, and a novel adaptive reduced class incremental kernel extreme learning machine (ARCIKELM) for classification. Relief F reduces computational complexity by ranking and selecting the extracted features. The novel ARCIKELM classifier dynamically adjusts network architecture to reduce catastrophic forgetting. It addresses domain adaptation problems when new samples of the existing class arrive. Results show that the proposed framework learns new classes incrementally with less catastrophic inference and adapts domain changes while having competitive classification performance.
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INTRODUCTION
In the open-ended continual learning, the new images of existing classes arrive continuously, and novel classes always appear. Two types of incremental learning are an important component in open-ended continual learning: 
1) Data incremental learning 
2) Class incremental learning.
The data incremental learning improves the recognition performance of existing classes and adapt domain changes using newly available images. In contrast, class incremental learning continuously gains knowledge from novel classes. The importance of open-ended continual learning in many real-world recognition problems, including food recognition as the dataset is dynamic, and new concepts of interest occur over time.[1]

A. PROBLEM DEFINITION
Deep learning networks for food image classification have achieved state-of-the-art performance on various food datasets. Despite this, these models have assumed fixed datasets which have increased the gap between laboratory and real-world environment. Most of the image datasets in real life are open ended and dynamic. However, a well-trained deep learning model tends to forget the previous information while learning new information this concept known as catastrophic forgetting. This means a model learned on fixed food datasets cannot be trained easily on additional samples of current food classes or new food classes without significantly affecting its previous performance. These two problems hinder the usage of deep learning models for open-ended continual learning. To understand the catastrophic forgetting during incremental learning, two theories have been proposed. The first theory suggests that human plasticity decreases on neurons that have learned previous information. This decreased plasticity on neurons helps to retain previous information. The second theory explains that human extracts high-level information and stores that information in different brain areas while retaining episodic memories.

RELATED WORK
Most of the existing approaches for food recognition assume that the training dataset has all the classes and variations within them. However, in a real-world setting, the limitednumber of classes and images of existing food classes areinitially available. Therefore, the food recognition systemmust satisfy the criteria of open-ended continual learning.It should be able to learn new classes incrementally inreal-time and does not need to store exemplary images datasetas this will increase the complexity of the model and datasecurity concerns. The online learning should be consideredto adapt variation in the existing class images. This sectionbriefly discussed the present literature on food recognitionin context with mentioned challenges. It includes a widerange of methods, from simple Euclidean distances to spatialpyramid convolution neural networks for food recognition.
Below are the different methods:
1. A. DISTANCE BASED METHOD
2. PROBABILISTIC MODEL AND DECISION TREE
3. SUPPORT VECTOR MACHINE
4. CONVOLUTIONAL NEURAL NETWORK
5. EXTREME LEARNING MACHINE

THE APPROACH
A.SYSTEM OVERVIEW
The proposed framework takes into account two attributes of open-ended learning 1) Class incremental learning 2) Data incremental learning. It consists of three modules A. Feature extraction module B. Feature selection and C. Classification. Fig. 1 show the flow chart of the proposed architecture. During a training period, each incoming image is given to the selected deep feature extractor module that extracts the features. They are then ranked using the Relief F method, and the best features are chosen based on our proposed strategy. The selected features from the Relief F method are considered as the final representation of the image. Although, the extracted features from the deep model have good generalization ability. The fixed class architecture softmax for final classification does not take advantage of this ability. This study uses novel ARCIKELM which learns from these representations while satisfying both criteria of open-ended continual learning. It adds new output and hidden neurons when image representations belong to the novel class. In case they are from existing classes, it updates the model sequentially by our proposed strategy and only adds new hidden neurons when required.
During the classification stage, the features are extracted from the test image by using the same deep feature extractor. The best representations are chosen based on the ranking of the features from the Relief F method. Finally, ARCIKELM makes the final decision.

B. IMAGE FEATURE REPRESENTATION
Deep learning models for food recognition can learn the best image representations and eliminate the need for handcraft feature extraction process which is based on prior knowledge. Our proposed framework applies transfer learning with online data augmentation on pre-trained image-net deep model which is then used to extract features. In transfer learning a model created for one task is used again as the base point for a second task. When modeling the second task, it enables for fast advancement and enhanced results. It is prominent in deep learning for feature extraction because the training of the model from scratch requires specialized computational resources such as GPU and long training time. This is the major hindrance for real-time incremental learning. To determine the best architecture of a model for food feature extraction, I have explored three state-of-the-art deep learning networks, ResNet-50 [9], DenseNet-201 [10], and Inception ResNet-V2 [11]. The ImageNet weights initialize the models. They then are _ne-tuned using food datasets and the resultant model is used for feature extraction. The experiment section has discussed the results. 

[image: ]

Figure 1. Flow chart of proposed framework. (The red circle shows neurons which are incrementally added to the network.)[2]

DATA AUGMENTATION: Data augmentation generates transformed versions of pictures that are in the same class as the initial picture in thetraining. Transformations include a variety of image processing activities like zoom, horizontal shift, rotation, etc. Theobjective is to add fresh, credible instances to the training.This implies, creating different variants of training that themodel is highly likely to detect. For example, the horizontalflip of food is a plausible scenario because the picture couldbe taken in either direction. However, the vertical flip of foodwould produce a useless result as a picture of food turnedupside down does not make any sense. The study has applied'shifting', flip, zoom range, Channel Shift Range and fillmode. They are explained in the following paragraph.In shifting, image pixels are moved in the horizontal orvertical direction. The group of pixels which are deletedin one region is copied into another region of the image.
This study uses both horizontal and vertical shifts. Flippingincludes inverting the rows or columns of pixels. The vertical flip reverses the columns of pixels and the horizontal flip reverses the rows of the pixel. The experiments have investigated the horizontal flip as a vertically flipped imageof food does not make any sense. In zoom augmentation,the picture is zoomed in or out, either by adding fresh pixel values around the picture or by interpolating pixel valuesrespectively. It is important for food images as various userstake images at different zoom levels. Channel shifting is themethod of capturing the pixel's red, green or blue values ina picture and adding those values to pixels in distinct positions in the picture. The experiments have shifted channel by30 degrees using online data augmentation. Finally, in the fillaugmentation, fresh pixels are introduced in the picture thatis not included in the initial picture boundaries. For example,after rotation black area in the corners would be added in the picture that was not included in the original picture. The Fill mode specifies howI manage these regions. This is handledby either using a constant values method or default method.The constant value is applied to all the new pixels and sub-pixels. In the method, all the new pixels are either given the black value or white. To fill the area with black, 0 is set as the default value and to fill the area with a white, default valueis set as 1. Fig.2 illustrates the different modes of online dataaugmentation applied in this study on a randomly selectedfood image. 
[image: ]
Fig: 2 Different mode of data augmentation

The results in the experimental section discuss in detailthe impact of data augmentation. Based on the results inthe experimental section, the pro-posed framework has usedInception-Resnet-V2 for feature extraction after applyingtransfer learning with online data augmentation. It is the firststep in the food recognition process. The next section explainsFeature selection.

C. IMAGE FEATURE SELECTION
The extracted features from the deep learning model have avery high dimension and there are only subsets of featuresthat are relevant in determining the results. These low rankedfeatures increase the computational complexity of classifiers.This study uses Relief F to rank features and selects thebest features. It is the only algorithm for detecting featuredependencies that do not search through feature combinations but uses the concept of the nearest neighbor to detect feature dependencies. This study has evaluated three configurations for selection of features and determined which configuration has higher accuracy and less training time for food. Finally, for classification purposes, it has used the bestconfiguration. The experimental section presents the resultsof the feature selection.

D. CLASSIFICATION METHODS
The final step in our proposed model is incremental learningand recognition. Most of the existing studies use batch learning approaches for the classification of food, which requires fixed classes, making them unsuitable for real-time settings.This paper evolves the knowledge in the area of extremelearning machines for continuous recognition of food dishes.For this purpose, this study has proposed a novel method thatlearns incrementally with less training time, higher accuracy,and better generalization ability. This section has discussedthe basics of class incremental extreme learning machine,followed by our proposed method. The notations for symbols and acronym definition in this paper are summarized in
Table 1 and Table 2.
[image: ]

PROPOSED WORK:
The online clustering method like self-organizing incremental neural network can be used to select the mapping nodes which best represent the class for ARCIKELM, and help to select the nearest nodes during classification. This can reduce catastrophic forgetting and is noise invariant when the input for classification is far away from existing neurons. The other direction is the auto-scaling of computational resources in a cloud environment.
Conclusion:
The Food recognition dataset is open-ended and dynamic. Continuously increasing in food samples and classes. Deep learning models for food recognition in existing system assumes that classes exist initially for all the food classes and variations. It causes catastrophic forgetting during class-incremental learning. This research study addresses these challenges by proposing a new framework of open-ended continual learning for food recognition. We aim to reduce catastrophic forgetting by using a hybrid scheme for open-ended continual learning. The online clustering method like self-organizing incremental neural network can be used to select the mapping nodes which best represent the class for ARCIKELM, and help to select the nearest nodes during classification. This can reduce catastrophic forgetting and is noise invariant when the input for classification is far away from existing neurons. We will use state-of-the-art deep learning networks to extract features, Relief F for feature ranking and selection, and ARCIKELM for classification. Inception-Resnet-V2 has superior performance than any other features. However, features extracted from deep learning models have a very high dimension and increases classification time. The framework has used the Relief F method to determine the optimal length and found that the Relief F method has reduced the accumulative learning time of the proposed classifier for all the datasets by 52.14%. For addressing the challenge of data incremental learning and class incremental learning, the framework used the novel Adaptive reduced class incremental kernel extreme learning machine (ACIELM). It dynamically increases hidden neurons and output neurons. The decreased plasticity of previous neurons reduces catastrophic forgetting. Experimental results on five catastrophic forgetting measures and four classification performance measures demonstrated that the proposed classifier has superior performance as compared to existing  ACIELM and CIELM As the novel classes and new images arrive, the computational resources required increases, it require auto scale its computational resources in a cloud environment.The comparison of the proposed framework with other architectures for food recognition like supervised extreme learning committee, PMTS, GTBB etc. show competitive performance while satisfying the criteria of open-ended continual learning.
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already available food benchmarks for evaluation of their
proposed approaches. However, the convolutional network
softmax function used for classification has fixed architec-
ture, and cannot address the challenges of open-end learning.
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E. EXTREME LEARNING MACHINE

Recent studies have explored extreme learning machine for
food classification due to fast training time and good per-
formance [44]. Supervised Extreme Learning Committee,
uses multiple kernel extreme learning as committee members.
It takes features of colors, shape, texture, and predict multiple
results. The Structured SVM, which acts as a supervisor,
gives the final output. Their method uses full kernel matrix
and batch learning and does not address issues of open-ended
continual learning.

An extensive literature review has established the fact that
most of the existing methods for food recognition used fixed
class datasets, cannot incrementally learn new classes, and
unable to adapt to domain variations. The only method which
partially addresses this issue is proposed by [45]. However,
their framework has limitations as they have to extract fea-
tures from all the previous data and retrain the model. The
calculation cost and computational resources associated with
retr: are which makes their approach less favorable
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tially by our proposed strategy and only adds new hidden
neurons when required.
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FIGURE 1. Flow chart of proposed framework. The red circle shows
neurons which are incrementally added to the network.

During the classification stage, the features are extracted
from the test image by using the same deep feature extractor.
The best representations are chosen based on the ranking of
the features from the Relief F method. Finally, ARCIKELM
makes the final decision.

@ signin
G B 3
| @
B

o B





image2.png
File Edit View Sign Window Help

Home

w ® 8 Q

=]

Tools

09084095.pdf X

® © LIRVAICIC)

tional resources such as GPU and long training time. This
is the major hindrance for real-time incremental learning.
However, various studies have shown a high generalization
ability of deep features from pre-trained models on generic
datasets [46] such as ImageNet. It is also beneficial for
learning a novel classes. To determine the best architecture
of a model for food feature extraction, we have explored
three state-of-the-art deep learning networks, ResNet-50 [47],
DenseNet-201 [48], and Inception ResNet-V2 [49]. The Ima-
geNet weights initialize the models. They then are fine-tuned
using food datasets and the resultant model is used for feature
extraction. The experiment section has discussed the results.
In the following sub-section, we present types of online
data-augmentation used during transfer learning.
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1) DATA AUGMENTATION

Data augmentation generates transformed versions of pic-
tures that are in the same class as the initial picture in the
training. Transformations include a variety of image process-
ing activities like zoom, horizontal shift, rotation, etc. The
objective is to add fresh, credible instances to the training.
This implies, creating different variants of training that the
model is highly likely to detect. For example, the horizontal
flip of food is a plausible scenario because the picture could
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is set as 1. Fig.2 illustrates the different modes of online data
augmentation applied in this study on a randomly selected
food image.
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FIGURE 2. Different modes of online data augmentation used in this
study on randomly selected image.

The results in the experimental section discuss in detail
the impact of data augmentation. Based on the results in
the experimental section, the pro-posed framework has used
Inception-Resnet-V2 for feature extraction after applying
transfer learning with online data augmentation. It is the first
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Table 1 and Table 2.

82333 (6of19)

TABLE 1. Notation defi

Symbol __ Description
Xp; X,  Observed samples of based and new classes
Ky kn Initial kernel and updated kernel matrix
B® B Initial output weights and updated output weights
M Transformation matrix
N Neuron eligibility matrix

i Membership value

TABLE 2. Acronyms definition.

Symbol Description

ELM Extreme learning machine

KELM Kernel extreme learning machine

CIELM Class incremental extreme learning machine
ACIELM  Adaptive class incremental extreme learning machine
ARCIKELM  Adaptive reduced class incremental kernel extreme

learning machine

T

BT B 2abD

Now, the number of samples in T is represented by m + 1-
dimension Equation (4), where m is the number of columns
in Ty

Ti=|: - 1 “)
L Npxm+1)

After combining d and s datasets, g is calculated by use of
Equation (5)

T
_x—1[Ho To-M
e 5] o
where M is a transformation matrix and is denoted by Equa-
tion (6).

1 -~ 0 0
M=|: - 9 (©6)
0 -~ 1 0

It can be seen that gy is calculated through incremental learn-
ing without providing previous dataset.

The method has enabled extreme learning machines to
incrementally learn new classes. However, it has numerous
drawbacks [51]. The significant drawback is a fixed number
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very important for assessing the effectiveness of 


weight loss int
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memory. With the help of pervasive mobile devices 


and rich cloud services, it is now possible to 
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retraining is often carried out to cope with the 
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