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Large-Scale Food Image Datasets and Food
Recognition Systems: A Survey

Wenze Chen and Ruizhuo Song

Abstract—With the development of the Internet, more and
more people like to share their daily food, which makes the
Internet rich in food image data. Many researchers collect food
images on the Internet, label them, and combine machine
learning and other methods to achieve food recognition systems.
These food recognition systems can quickly help users record
their daily diets and analyze their eating habits. The advanced
food identification system can currently accurately identify
hundreds of foods. At the same time, it can explore the food
nutrition content and give food reference suggestions by accessing
the food nutrition database. In this paper, we collect and evaluate
large-scale food image datasets and food recognition systems.

Index Terms—Food recognition, deep learning, computer vision,
object detection, mobile applications

I. INTRODUCTION

Improper eating habits are the main cause of many diseases,
including peripheral tissue diseases such as obesity,
hypertension, and diabetes, and central tissue diseases such as
emotional disorders and cognitive disorders [1, 2].

When patients suffer from these diseases, good eating habits
are the key to helping them get rid of these diseases. However,
in the traditional diagnosis and treatment process, patients
must recall what food they have eaten recently, which may
lead to errors. This will increase the difficulty of doctors’
diagnosis and treatment. On the other hand, it is also difficult
for doctors to correct the eating habits of patients. Patients
must have enough information about food and its impact on
their values (how specific nutrients affect their metabolism,
blood status, body composition, etc.). Individuals can cultivate
a confident attitude towards food by acquiring and mastering
information and knowledge. This enables them to adopt
optimal eating behaviour when hungry. Dietary advice and
counselling effectively change individuals’ attitudes towards
food by enhancing their understanding of food. Nutritionists
usually provide dietary advice and habits. While this is a great
way to establish proper eating habits, developing multimedia
tools and accessing to much online information calls for a
more cost-effective and automated on-demand system for the
public. Initially, the nutrition analysis program mainly records
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the food category and weight manually, and then sends them
to the nutrition analysis module to calculate the nutrient
content.

In recent years, with the development of deep learning and
computer vision, the system can automatically identify food
categories by training large-scale food image datasets.

The core of food recognition system is food feature
extraction. The stronger the ability of food feature extraction,
the higher the accuracy of food recognition. Traditional food
feature extraction methods include scale invariant feature
transform (SIFT) [3, 4], histogram of oriented gradient (HoG)
[5], scale invariant local term pattern (SILTP) [6], local binary
pattern (LBP) [7], and speed up robust feature (SURF) [8].
The extracted feature points are expressed into word bags,
such as Fisher vector word bags [9]. Then, principal
component analysis (PCA) [10] can be used to reduce the
feature dimensions. Finally, classifiers such as support vector
machine (SVM) [11] classify the images. Kitamura et al. [12]
obtained features by combining color histograms with discrete
cosine transform. After training the SVM classifier, the
recognition accuracy of food pictures can reach 88.00%.
However, traditional food recognition methods only extract
single features, which is not practical for food images with
small diversity and multi-categories.

In addition to the traditional methods, the research of
convolutional neural networks (CNNs) in food image
classification is also increasing. In the implementation based
on food recognition, Kagaya et al. [13] used the plain
convolution network to classify 10 types of food images and
achieved an accuracy rate of 73.70%. It provides reference
and direction for the later development of food recognition
based on deep learning.

Later, object detection methods such as you only look once
(YOLO) [14] and fully convolutional one-stage object
detector (FCOS) [15] appeared. Many scholars expanded
these methods to recognize multiple foods in the same image.
For example, Mao et al. [16] realized food recognition for
three public datasets based on region-based convolutional
neural networks (RCNNs), as shown in Fig. 1. This method
can give food category and location information at the same
time.

This paper provides a detailed introduction to five publicly
available large-scale food datasets and a summary and
evaluation of the food recognition algorithms developed using
these datasets. In addition, we introduce three food
recognition systems in detail and describe the technical
information used in the system.
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Figure 1 Detection examples of object detection networks. Numbers
represent confidence scores, with higher values indicating more reliable

prediction results.

II. FOOD IMAGE DATASET

A. Food-101 Dataset

In the research of food data images, some universities and
relevant research institutions have established some food
datasets.

Bossard et al. [17] published a significant paper in the field
of food identification. The paper introduces two main
contributions. First, it proposes a food recognition model
based on the random forest algorithm. This model improves
classification efficiency by using color block alignment and
enhances model learning efficiency by sharing parameters.
The method achieves a mean average precision (mAP) of
50.76% in Food-101 dataset, which is better than other
classification methods except for the convolutional neural
network. When compared with SVM classification algorithm
using Fisher vector, the image detection and recognition
results are improved by 11.88%. The second contribution is
the proposal of the Food-101 dataset, which consists of 101
kinds of food images, totaling 101,000 images. Most of the
pictures in the dataset are of western food, and only the food
category is marked, without including the food location
information in the image. The dataset is primarily focused on
classifying food images, with each class divided into a testing
set and a training set. It is considered a critical dataset in food
image recognition and an important indicator for evaluating
the effectiveness of algorithm models.

Yanai and Kawano [18] used the deep convolutional neural
network (DCNN) to extract food features, fine-tuned and pre-
trained the DCNN, and finally obtained top-1 accuracy of
70.41% on the Food-101 dataset. In addition, it takes only
0.03 s to classify one food image with GPU.

Wu et al. [19] introduced a visual food recognition
framework incorporating intrinsic semantic associations
among fine-grained classes. The framework is based on joint
depth feature learning and semantic tag reasoning and uses

hierarchical semantics for food recognition on Food-101
dataset. The framework obtained a top-1 accuracy rate of
72.11%. The framework not only improved the accuracy of
food recognition but also produced more semantic coherent
predictions. Compared with the previous method of food
recognition using deep neural networks alone, it has obvious
advantages.

Pandey et al. [20] developed a multilayered CNN to
recognize food. They combined three convolutional neural
networks:  AlexNet, GoogleNet, and ResNet. They
superimposed the features extracted by different networks.
Finally, the effect of the ensemble network they proposed was
better than that of the CNN model of a single subnet. On
Food-101 dataset, the method obtained top-1 accuracy of
72.12% and top-5 accuracy of 91.61%, respectively.

Martinel et al. [21] proposed a specific convolution
structure for food recognition called WISeR, as shown in
Fig. 2. This structure includes two backbone networks. One
contains a convolution module and a maximum pooling layer,
mainly extracting shallow features in food. The other
backbone network contains multi-layer convolutions and an
average pooling layer used to extract deep features in food.
Finally, the features extracted from various branches are
connected and fed to the fully connected layer that sends the
classification prediction.

Residual branch network
Slice network

Concat

Figure 2 WISeR network structure diagram [21].

B. VireoFood-172 Dataset

Chen and Ngo [22] established a new food image dataset
called VireoFood-172, which contains 110,241 images of 172
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Chinese dishes. Like Food-101, this dataset only carries out
category labeling, so it can only identify the overall
classification of the image and one food in an image. 60% of
the images in this dataset are used for training and 40% for
testing. Their work mainly includes component identification
and zero-shot recipe retrieval. The former is based on deep
architecture (ArchD), which uses the reciprocal relationship
between food and ingredient labels through multi-task
learning. The latter extends ArchD’s knowledge of non-
seasonal scenes by learning the context of ingredients from
many cookbook text corpora. After that, Jiang et al. [23]
proposed a multi-scale multi-view feature aggregation
(MSMVFA) method utilizing two two-dimensional CNN
models. This approach involves fine-tuning the two-
dimensional multi-scale components and the category CNN
independently, and each scale’s intermediate attribute
features, high-level semantic features, and in-depth visual
features are extracted using component information and food
category as supervision label. Then, the fusion method of
normalization and simple cascade is used to fuse three
different features into multi-scale representations. Finally,
three different types of multi-scale features are further
aggregated into the final model using the multi-view feature
aggregation method of z-score normalization and simple
concatenation.

C. UECFood-100 Dataset

Matsuda et al. [24] constructed a new food image dataset
named UECFoo0d-100, including 100 categories, in which
each food has category information and location information.
The dataset contains about 100 images per category, totaling
more than 14,000 images. It includes images of multiple foods
and images of a single food. In food recognition, Matsuda et
al. [24] first detected several candidate regions by integrating
the outputs of multiple region detectors, including
Felzenszwalb’s deformable part model (DPM), circle detector,
and joint space-color edge-based graph-cut (JSEG) region
segmentation. In the second step, they applied the food
recognition method, which is based on feature fusion, to the
boundary boxes of candidate regions, utilizing various visual
features. These features encompassed SIFT, color scale
invariant feature transform (CSIFT), bag-of-features (BoFs)
representations combined with the spatial pyramid (SP)
model, and HoG. The combination of these features ensured a
comprehensive and robust approach to food recognition. The
experiment shows that they achieved a classification rate of
55.80% for the multi-food image dataset, which improves the
baseline result with DPM only by 14.30%.

Liu et al. [25] developed a practical food recognition system
based on deep learning for food evaluation in the edge
computing service infrastructure. They obtained 76.30% top-1
accuracy and 94.60% top-5 accuracy on the UECFood-100
dataset. In addition to high recognition accuracy, the system
can run in real-time on edge computing systems (such as
mobile terminals).

People are increasingly interested in the wide application of
smartphones in food image recognition. Among the existing
methods, the method based on the middle image part shows

promising performance because it is suitable for modeling the
deformable food part (FP). However, the achievable accuracy
is limited by the FP representation based on low-level
features. The depth learning method has achieved the most
advanced performance in some food image recognition
problems thanks to the ability to learn powerful features from
tag data. The middle layer based method and DCNN method
have their advantages, but the most important thing is that
they can be complementary. Therefore, Zheng et al. [26]
introduced a novel framework that optimized the utilization of
DCNN features for food image recognition by leveraging the
combined strengths of middle layer based method and
traditional DCNN approach. Furthermore, they tackled the
difficulty of training DCNN models with unlabeled
intermediate part data. They devised a clustering-based FP tag
mining strategy to address this challenge of generating partial-
level tags from unlabeled data. On UECFood-100 dataset,
they finally obtained a top-1 accuracy of 86.51%.

D. UECFood-256 Dataset

Kawano and Yanai [27] built a new dataset named
UECFo0d-256, encompassing 256 different types of foods.
Each category in this dataset contains over 100 images. It was
made by extending UECFood-100. Kawano and Yanai [27]
used UECFoo0d-256 as the training set to train a large-scale
food recognition system. To deploy an image recognition
system utilizing high-dimensional features on mobile devices,
they employed a linear weight compression technique to
optimize memory usage, achieving a top-5 accuracy of
74.40%.

Hassannejad et al. [28] classified food images based on
Google image recognition architecture inception. The
architecture is a 54-layer deep convolutional neural network.
Then, they fine-tuned the architecture and obtained 76.17%
top-1 accuracy and 92.58% top-5 accuracy on UECFood-256
dataset, respectively.

Later, some researchers used a lighter network structure for
food recognition, which had a faster detection speed than
previous methods [29].

E. VFN Dataset

Mao et al. [16] constructed a more challenging food dataset,
which included 14,991 food images and 82 food categories,
each of which may consist of many types of foods. The same
food in this dataset may have significant differences in
appearance, and the same food may have different
morphological and color characteristics due to other raw
materials and practices, which increases the difficulty of
online learning. Mao et al. [16] used faster RCNN based
methods for model training and ultimately achieved an
average accuracy of 40.06% using this two-stage object
detection algorithm.

III. FOOD RECOGNITION SYSTEM

A. FoodCam

Ravi et al. [30] implemented the augmented reality (AR)
nutrition system of augmented reality based on FoodCam,
using technologies such as artificial intelligence and computer
vision. This system works similarly to a scanner. Compared
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with other systems in this category, in addition to food
recognition, FoodCam also aims to identify user activities
(walking, running, standing, leisure sports, etc.). Food images
are recorded in a scanner manner. As shown in Fig. 3, the user
will receive a list of the top five most likely foods after the
initial identification process. Still, the system will not display
the nutritional information in food.

Image acquisition and user input The food images are
captured in a scanning manner. Following the initial
recognition process, the system presents the user with a top
five list of the most probable food items.

Feature extraction Three distinct types of features are
investigated: the histogram of oriented gradients, the local
binary pattern descriptor, and the red green blue (RGB) color
features. Subsequently, these local descriptors are aggregated
into a Fisher vector representation.

Image classification A linear support vector machine is
employed for the classification task. Initially, classification is
performed using individual features, and later, combinations
of multiple features are utilized to enhance classification
performance.

Recognition result Food image

Ramen noodle
443 kcal

Confidence

e
Fried noodle
505 kcal

Nanbanzuke
168 kcal

Fried rice
754 kcal

French fries
330 kcal

Input volume

Selected food

Figure 3 Top five classification list provided after identification process [30].

B. DietLens

Ming et al. [31] introduced and implemented a neural
network powered food object detection system called
DietLens. The overarching goal of this system is to promote
health improvement by connecting clients with health
professionals, friends, and support groups. Leveraging a
client-server architecture with a vast database enables a more
extensive neural network to analyze food instances.
Furthermore, the authors proposed an innovative approach for
portion size estimation.

Image acquisition and user input The system requires
three distinct types of inputs. Initially, a photograph of food is
captured. Subsequently, the user selects from a result list and
optionally provides an estimate of the portion size. The
authors presented a novel selection process for portion size
estimation.

Feature extraction A large ResNet-50 convolutional neural
network comprising 50 convolutional layers is utilized for
feature extraction.

Image classification and dataset The ResNet-50 CNN is

employed for the classification task, where feature extraction
and classification procedures are executed concurrently. The
system identified over 249 food categories during testing,
encompassing nearly 88,000 images.

Volume estimation This approach achieves good results
without relying on complex reconstruction algorithms.
Following the classification procedure, the user is presented
with a list of portion sizes corresponding to the identified food
items. The user selects one of the images to finalize the
portion size estimation. The authors compared their food
object recognition and portion estimation approach with other
manual input systems, such as myFitnessPal and Fatsecrets.

The proposed DietLens system outperforms all other
systems in speed while maintaining exceptional classification
and portion size estimation accuracy. In real-life testing
environments, the entire process of logging a meal takes an
average of 11.58 s.

C. Food Recognition System on Google Glass

The system devised by Jiang et al. [32] stands unique in its
approach to object recognition, utilizing Google glass as the
mobile device. This method aligns more closely with
augmented reality, integrating artificial intelligence into our
intuitive perception and daily routines. Notably, the primary
goal of this system is to provide consumers with informative
data before purchasing food items. The system is structured
using a client-server architecture.

Image acquisition and user input The image acquisition
process starts with setting a reference frame. Then, multiple
food frames are captured and sent to the backend for
recognition. After the system identifies the food, it lists food
items and their nutrition information. The user selects the
correct item to see detailed nutrition data.

Image processing No preliminary manipulations are
performed on images before they are forwarded to the
subsequent classification stages. As for image segmentation, a
reference frame chosen by the user serves as the foundation
for determining which food item is being tracked and
analyzed.

Feature extraction Captured reference images are uploaded
to Google’s hash server for classification. Each image is
represented as a feature vector, encompassing colour, points,
lines, textures, and SIFT.

Image classification and dataset Images undergo
classification using the reverse image search (RIS) algorithm
and text mining techniques. The system leverages Google’s
extensive image database as dataset.

Volume estimation As shown in Fig. 4, the system presents
nutritional information based on a standard measurement of
100.0 g of food. These nutritional data are sourced from the
comprehensive dataset of the United States Department of
Agriculture (USDA).

IV. CONCLUSION
This paper introduced five large-scale food datasets in
detail, including Food-101, VireoFood-172, UECFood-100,
UECFo0d-256, and VFN, respectively, and introduced more
than ten food recognition methods using these datasets as
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Figure 4 Example of food identification on Google glass, identifying food categories and giving reference nutrient content [32].

evaluation criteria. We also introduced three food recognition
systems based on intelligent terminals (such as smartphones),
which are more integrated and open to people. We hope to
provide some introductory guidance for developers and
researchers committed to developing food recognition
systems.
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