
Personalized Knowledge Distillation-based Mobile Food Recognition

Zhao Henga, Sharmili Roya, Kim-Hui Yapa, Alex Kota, Lingyu Duanb

aSchool of Electrical and Electronic Engineering, Nanyang Technological University, Singapore 639798
bSchool of Electronics Engineering and Computer Science, Peking University, China 100080

Abstract— Visual food recognition has received increasing
attention in recent years due to its role in individual dietary
monitoring and public health management. Existing food
recognition solutions, (i) ignore individual’s dietary pref-
erences, thereby under-utilizing the available information,
and (ii) do not focus on reducing the computational and
memory requirements of such systems. We address these
issues by proposing a new Personalized Knowledge Dis-
tillation (PKD) method for mobile food recognition which
is: (i) personalized based on individual’s dietary habits,
and (ii) compact and lightweight making it more amenable
for future deployment on mobile devices. PKD achieves
high accuracy and low memory footprint using knowledge
distillation and personalized learning. The proposed method
outperforms comparative methods on benchmark datasets
and newly constructed NTUIndianFood50 dataset.

Keywords: Food recognition, knowledge distillation, personalized
learning, compact network

1. Introduction
Unhealthy diet is a primary cause of various serious

illnesses such as cardiovascular diseases, diabetes and obe-
sity. Many human cancers are related to unhealthy diets.
Monitoring dietary behavior, hence, is crucial to cultivate
and maintain a healthy lifestyle. Large-scale, cumulative and
analyzable dietary data, can be used to develop tools to per-
form continuous monitoring of people’s health condition and
dietary intakes. The conventional way of collecting dietary
data via online or offline surveys and questionnaires are
inefficient. This makes it difficult to monitor people’s dietary
behaviors and provide any real-time feedback information.

With recent progress in e-health, various fitness applica-
tions have been proposed on mobile platforms that assist
users to maintain good dietary habits. Most of these appli-
cations, however, focus on recording and analyzing human
physiological data. Two such applications are MyFitness-
Pal [1] and LoseIt! [2]. They ask users to manually log
their diets for every meal taken. Manual data entry is tedious
and time consuming, and market research shows that such
applications cannot retain their users in the long run [3].

With the rapid enhancement of digital cameras on smart
phones, more and more people tend to share their food
via taking images on the Internet. As opposed to manual
data entry, some approaches have proposed using the mobile
camera to do diet logging instead, but such approaches can

only log the meal without further analysis [4] or simply
reply on expert nutritionists [5] or crowd sourcing [6] to
analyze the images offline. As a result, such applications
do not provide any immediate feedback to the user and the
efficiency is greatly reduced.

2. Related work
Many vision based techniques have been proposed to

automatically recognize food from pictures. These solu-
tions employ traditional hand-crafted features such as tex-
ture, SIFT, HOG, bag-of-visual-words, pre-segmented image
patches, etc. Kawano and Yanai [7] used HOG and color
patches with the Fisher Vector coding as image features
and tested on a 100-category food dataset. Zhang et al. [8]
used generated image features via saliency detection and
hierarchical segmentation to train a linear SVM classifier.
Bossard et al. [9] proposed the popular benchmark food
dataset Food-101 and applied random forest to mine discrim-
inant superpixel-grouped parts in the food images. SVM was
then used to classify these parts. On a diabetic dataset meant
to help diabetic patients, Anthimopoulos et al [10] designed
a food recognition system based on a bag-of-features model.
Vision-based solutions work best in laboratory conditions
where the picture backgrounds are clean and the food
components are well demarcated. However, food images in
real scenarios may be occluded or often mixed together,
especially for Asian food such as Chinese and Indian cuisine.
This decreases the reliability of using local image features
to perform food recognition in real-life situations.

Deep convolutional neural networks (DCNNs) are cur-
rently the state-of-the-art technique for image recognition
problems. DCNNs can estimate optimal feature represen-
tations from the data adaptively as against the traditional
hand-crafted features. Recent research on DCNNs has shown
that deep architectures can outperform traditional vision-
based methods in food recognition problems. Pouladzadeh
et al. [11] proposed a food recognition system based on ex-
tracted convolutional neural network (CNN) features which
is able to recognize multi-food images by region mining.
Tanno et al. [12] implemented a new mobile food recognition
system based on DCNN, and Hassannejad et al. [13] fine-
tuned Google’s Inception module to perform classification
on various food image datasets. Large intra-class variations
in illumination and composition, similar visual appearance
of dishes from different classes, occlusion etc. make food
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recognition a challenging problem to solve. Some solutions
have proposed to use additional contextual information such
as geographical location [14], dish ingredients [15], textual
information [16] etc. to improve the classification accuracy.

Most existing food recognition systems are based on
heavyweight convolutional networks such as VGGNet [15],
ResNet [17] or InceptionNet [13] frameworks which have
very high memory, computation, and energy footprints. A
typical deep learning based solution to dietary logging would
take the following approach. The end user would snap a
picture of the food and the picture would be sent to a central
server possibly with some contextual information such as
geo-location. The classification would happen at the central
server based on a heavyweight food classification engine and
the results would be sent back to the local mobile device.
There are two key limitations of such solutions. First, the
classification engine at the server does not take into consid-
eration the mobile user’s personal food preferences, dietary
habits, and dietary history. Second, since the classifier is
not compact enough to fit on a mobile device, the users are
required to send every picture to the server for analysis. This
may not be practically feasible since the user may not have
access to the Internet at all times or may not be willing to
transfer pictures over the network due to privacy concerns.

In this paper, we address these two issues by proposing
a personalized and lightweight food recognition engine that
is (i) customized based on the end-user’s dietary habits and
preferences, and (ii) is small and efficient which makes it
more amenable for future deployment on mobile devices.
Typically, most people have preferences on what they like
to eat. Often they eat their favorite dishes more frequently
and visit their favorite restaurants time and again. This, we
believe, presents a key information that can be leveraged
to greatly improve the accuracy of the food classification
engine. Our system is based on a compact neural network
architecture that achieves high classification accuracy by
leveraging on personalized dietary preferences and knowl-
edge distillation from a big trainer neural network. We
call this Personalized Knowledge Distillation (PKD) method
and the resulting network, PKD-Net. Section 3 gives an
overview of the PKD method. Section 4 discusses person-
alized learning and how we model an end-user’s dietary
preferences. Section 5 details the proposed methodology.
Classification performance of PKD-Net in comparison to
other comparative methods is evaluated in Section 6 and
Section 7 concludes the paper.

3. System Architecture
Fig. 1 provides an overview of the proposed PKD frame-

work. We train a generic heavyweight network (GHN) such
as VGG16 or ResNet to perform food classification on the
principal food dataset. The principal food dataset is typically
a wide collection of food images crawled from the Internet
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Fig. 1: Overview of the proposed PKD framework. A
generic heavyweight network is trained on the principal
food database. This network then distills its information to a
compact network. The compact network is then personalized
based on the end-user’s dietary preferences.

(a) (b)

Fig. 2: Comparison of food images crawled from Google
with those captured by mobile users in real restaurant
settings. (a) Google images for four dishes namely, “Dal
Makhani", “Fish Curry", “Bhatura", and “Chicken Biryani"
are shown in clockwise direction, (b) the corresponding four
dishes captured by mobile users in a restaurant.

image search engines such as Google and Yahoo. The knowl-
edge of GHN is then distilled into a lightweight network
based on compact architectures such as MobileNet [18] or
SqueezeNet [19]. This compact knowledge-distilled network
(CKDN) is then deployed to multiple end users.

As mobile users start using the CKDN model, they
accumulate a collection of pictures from the dishes that
they consume on a regular basis. This collection of pictures
constitute the individual’s dietary history or preference. We
call this collection of food images an individual’s Food
Diary. As the Food Diary is populated and grows to a
sufficient size, the images are uploaded onto a user account
in the server. Using personalized learning on this Food
Diary, CKDN is then customized to compute a personalized
knowledge-distilled network (PKD-Net) that captures the
end-user’s dietary history.
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Fig. 3: Overview of the NTUIndianFood50 dataset. (a) Some selected dishes out of the 50 dish categories are shown here,
(b) this plot shows the distribution of images across the 50 dishes, (c) some images for the dish named “Channa Masala"
are shown in this figure, (d) this figure shows Food Diary images from the same dish “Channa Masala."

4. Personalized Learning

One of the two key aspects of PKD-Net is personalized
learning. Most existing visual food classification solutions
train and test their systems on a standard food database
crawled from the Internet using search engines such as
Google, Yahoo and Baidu. These resulting images typically
have high resolution and clean background. Real life food
images acquired using mobile devices in a restaurant or
food joint, however, suffer from many artifacts such as
low illumination of the indoor environment, clutter in the
background, occlusion of the food or motion blurring, just
to name a few. Fig. 2 compares some food images crawled
from Google with corresponding images captured at real life
restaurant scenarios where users have acquired pictures of
the same dishes using mobile phones.

Hence, for personalized learning, a key challenge is to
construct a realistic Food Diary that satisfies the following
three conditions: (i) the images are captured using a mobile
device, (ii) there is a relatively larger collection of images
that represent the end-user’s favorite dishes, and (iii) a
significant collection of images should be captured at the
restaurants the user visits frequently. None of the existing
food databases such as Food-101 [9], Vireo Food-172 [15],
or UEC Food-256 [20] can be directly used to model such
a Food Diary.

We introduce a new dataset based on Indian cuisine in
this paper called NTUIndianFood50. The two key features
of NTUIndianFood50 are (i) the dataset contains/ models
a realistic Food Diary constructed from user supplied mo-
bile images of various Indian dishes, and (ii) the dataset
introduces a new cuisine to the existing food databases.
Indian dishes have diverse appearances and the composition
of the dish varies largely depending on the regions where
the dishes have been prepared. Automatic classification is
challenging due to the wide variations in the way the
ingredients are selected, chopped and mixed within the same
dish. Many dishes are based on curries which make different
dishes appear to be visually similar. Fig. 3 (a) shows a few
representative dishes from this dataset.

4.1 NTUIndianFood50 dataset
To construct a new Indian food dataset, we crawled images

for Indian dishes from Google and Yahoo image search
engines. For each category, the dish name was given as
the keyword to the search engines. The returned images
were checked manually for removal of images that suffered
major blurring, images that contained multiple dishes, and
the images that did not represent the queried dish. Duplicate
images and images with resolution lower than 256 × 256
were removed using automated scripts. The resulting dataset
comprises of 30, 378 images with a mean of 607 images per
dish. Fig. 3(b) shows the distribution of images among the 50
dishes. Due to limited space, only dish labels are used in the
figure. A complete list of dish names and their corresponding
labels are provided in the supplementary material. Fig. 3(c)
shows images from a dish named “Channa Masala." We
observe that the food dataset images crawled from Google
and Yahoo are high quality with good illumination and clean
background.

4.2 Food diary
To model the end-user’s Food Diary, we select the most

popular 24 dishes from the NTUIndianFood50 dataset. We
then find the most popular Indian restaurants that serve these
24 dishes. Mobile users visiting these restaurants often post
pictures of the food that they ate at www.zomato.com [21]
which is a very popular restaurant search and review portal
for Indian cuisine. The user posted pictures are typically
captured using a mobile device. Some of the popular restau-
rants have more than 4, 000 review pictures in this portal.
We find the selected Indian restaurants in www.zomato.com
and search for user posted pictures of the popular 24 dishes.
These user-supplied review pictures constitute the mobile-
user’s Food Diary. The current version of our Food Diary has
2, 073 pictures from 24 dishes with an average of 86 images
per dish. As expected in real life situations, we observe that
the user posted pictures are much poorer in illumination
and quality and have much more clutter in the background
when compared to the NTUIndianFood50 database images.
Fig. 3(d) shows some examples of Food Diary images from

24 Int'l Conf. Artificial Intelligence |  ICAI'18  |

ISBN: 1-60132-480-4, CSREA Press ©



a dish named “Channa Masala." Classification on Food
Diary images is challenging and more realistic. In Section 6,
we show that a classifier trained on the NTUIndianFood50
dataset does not achieve high classification accuracy when
tested on images from the Food Diary, thereby motivating
the need for classifier personalization.

5. Proposed Methodology
There are three major steps to compute the proposed PKD-

Net: (i) the first step is to train a generic food classifier
network GHN, (ii) the second step is to perform knowledge
distillation from GHN to the compact CKDN, and (iii) the
third step is to customize CKDN by personalized learning
on the Food Diary.

5.1 Training GHN
We evaluated various heavyweight classification architec-

tures on benchmark food datasets and the newly created
NTUIndianFood50 dataset. Existing literature uses VGG16
as a food classification architecture [15] and we found that
VGG16 achieves high accuracy for multiple food datasets.
Hence, VGG16 was chosen as the GHN model. GHN was
first pre-trained on the ImageNet database [22] for system
parameter initialization. Then all the weights were optimized
by training the classifier on the NTUIndianFood50 dataset.
A cross entropy loss and stochastic gradient descent was
used for the optimization.

5.2 Knowledge distillation
In order to design a recognition system that has low com-

putational and memory requirements, we distill the knowl-
edge of GHN to a compact network based on MobileNet-
224 [18] architecture. MobileNets need only about 10 to
12 MB of storage as opposed to 510 MB required by a
full weight VGG16. In addition, MobileNets use depth-
wise separable convolutions to achieve 8 to 9 times less
computation than standard convolutions with a small drop
in accuracy [18]. To boost the accuracy of the MobileNet-
224 model, we use knowledge distillation from the GHN
classifier.

The goal of knowledge distillation is to transfer the
knowledge of a large trainer network to a smaller trainee net-
work such that the trainee network approximates the trainer
network accurately. The trainer network, in our case, is GHN
and the trainee network is the compact knowledge distilled
network CKDN (Fig. 1). If we represent the trainer with
φGHN (x) and the trainee with φCKDN (x), then the goal
of knowledge distillation is to achieve ∀xi∈XφGHN (xi) =
φCKDN (xi) where X is the set of training images from the
NTUIndianFood50 dataset and |X| = N .

For each input image, the output of GHN is a probability
distribution over all the 50 dish categories. This probability is
generated by the softmax layer from logits. Logits represent
the output of the last fully connected layer. The dimension of

the logits vector for both the trainer and the trainee network
are equal to the number of categories. These logits are used
to transfer the knowledge from φGHN (x) to φCKDN (x).
For an input food image xi, the logits vector generated by
φGHN (x) can be denoted by vi where the dimension of
vector vi = (v1i , v

2
i , . . . v

C
i ) is the number of dish categories

C = 50. A generalized softmax layer converts the logits
vector vi to a probability distribution qi as follows:

MT (vi) = qi,where qji =
exp(

vj
i

T )∑
k exp(

vk
i

T )
, (1)

where T is the temperature parameter. For traditional clas-
sification tasks, T = 1. Similarly, the trainee network
φCKDN (x) generates a student logits vector wi and the
corresponding probability distribution MT (wi). By modify-
ing the temperature T , we can obtain a different probability
distribution v′

i, which is ’soft target labels’ from the trainer
φGHN (x). These soft labels usually contains richer informa-
tion for object classification than the case when T = 1 and
they can be used to perform knowledge transfer by providing
the trainee with extra information from the trainer. Existing
literature proposes to minimize Kullback-Leibler divergence
between the soft probability distribution of the trainer and
normal probability distribution of the trainee [25] :

LKD(φGHN , φCKDN ) =
1

N

N∑
i=1

KL(MT (v
′
i)||MT (wi)),

(2)
where KL(x||y) represents the Kullback-Leibler divergence
between vectors x and y. When a set of image-label
pairs {(xi, li)} are given, the trainee φCKDN (x) learns
a standalone pure supervised classification task using the
traditional cross-entropy loss which is defined as:

LS(φCKDN ) =
1

N

N∑
i=1

H(li,MT=1(wi)), (3)

where H is the entropy function. For transfer learning of
φCKDN (x), we use a weighted combination of Kullback-
Leibler loss (Equation 2) and the standalone cross-entropy
loss (Equation 3) defined as follows:

L(φGHN , φCKDN ) = αLS(φCKDN )

+ (1− α)LKD(φGHN , φCKDN ),
(4)

where α is the weighting factor. To make the distillation
process as effective as possible, more emphasis should be
given to LKD(φGHN , φCKDN ) while keeping the emphasis
on LS(φCKDN ) small. Hence, we set the weight α to 0.1.
When the temperature T is high, the distillation process is
equivalent to minimizing 1

2 (wi − v′
i)

2. At low temperature,
however, most of the logits that are more negative than the
average are neglected even though they may convey some
useful information acquired by the trainer network [25]. As a
result, we choose an intermediate value for the temperature,
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Table 1: Comparison of classification accuracy, architecture and model size of the proposed CKDN model with existing
prior solutions on the benchmark Food-101 dataset.

CNN [9] DCNN-Food [23] DeepFood [24] ResNet50 [17] InceptionV3 [17] CKDN (Ours)

Top-1 (%) 56.4 70.4 77.4 82.3 83.8 84.0
Architecture AlexNet Modified AlexNet Modified GoogLeNet ResNet-50 Inception-V3 MobileNet-224
Model Size 240 MB 425 MB 51 MB 98 MB 91 MB 12 MB

Table 2: Comparison of classification accuracy, architecture and model size of the proposed CKDN model with existing
prior solutions on the benchmark UECFood-256 dataset.

DeepFoodCam [12] DCNN-Food [23] DeepFood [24] InceptionV3 [17] CKDN (Ours)

Top-1 (%) 63.64 67.57 63.8 76.7 77.5
Architecture Modified AlexNet Modified AlexNet Modified GoogLeNet Inception-V3 MobileNet-224
Model Size 240 MB 425 MB 51 MB 91 MB 12 MB

T = 4, in order to allow the much smaller CKDN to capture
most of the knowledge from GHN while ignoring the most
negative logits.

The proposed system is implemented in the Caffe deep
learning framework [26] on NVIDIA Titan Xp graphics
processing unit (GPU). To realize the distillation process, we
implemented a new Caffe layer which takes logits from the
trainer (vi) to generate the ‘soft’ logits (v′

i) with editable
temperature parameter T . Then a new loss is computed
using the logits from the trainee and the trainer as inputs
as formulated in Equation 4.

5.3 Classifier personalization
The knowledge distilled CKDN classifier, φCKDN (x),

captures the information of the principal food database,
which in our case is the NTUIndianFood50 database. When
tested on images from the Food Diary, however, the classifi-
cation accuracy of φCKDN (x) is less than 75% as discussed
in Section 6. The next step is to personalize φCKDN (x)
for each mobile user based on the individual’s Food Diary.
This is done by optimizing the cross entropy loss function
described in Equation 3 where now the image-label pairs
{(xi, li)} come from the training images of the end-user’s
Food Diary and N is the size of this training set. Since
each end user has a different set of images in the Food
Diary, {(xi, li)}, the resulting network parameters would be
different and personal to each user. The resulting optimized
network is the proposed personalized knowledge distilled
network (PKD-Net).

6. Results
We present the experimental results in two parts. The

first part shows that even without personalized learning, the
proposed compact knowledge distilled CKDN model out-
performs existing prior works on a benchmark food dataset.
The second part demonstrates how personalized learning on

end-user’s Food Diary results in significant improvement of
classification accuracy. All the experiments are carried out
in NVIDIA Titan Xp GPU.

6.1 Evaluation of non-personalized CKDN
model

In this section, we evaluate the proposed framework
with existing works on two popular benchmark datasets
Food-101 [9] and UECFood-256 [20]. Since existing food
databases do not model personalized food diaries, for fair
comparison, this set of experiments do not leverage on per-
sonalized learning. Hence, we compare our non-personalized
CKDN model with prior methods in the literature. Ta-
ble 1and Table 2 compare the top-1% classification accuracy,
architecture, and model size of CKDN with other state-
of-the-art deep learning based methods such as CNN [9],
DeepFoodCam [12], DCNN-Food [23], DeepFood [24],
ResNet50 [17], and Inception V3 [17] discussed in Section 2.
These methods evaluate their models on Food-101 dataset
and UECFood-256 dataset respectively. The model size in
Table 1 and Table 2 represents the amount of disk space
required to store the trained model. The proposed CKDN
model clearly outperforms existing solutions on the both
benchmark Food-101 and UECFood-256 datasets. In addi-
tion, the memory footprint of CKDN is much smaller than
the other models which makes CKDN more favorable for
future deployment on mobile devices.

6.2 Evaluation of classifier personalization
In this section, we demonstrate that personalized learning

based on an end-user’s Food Diary significantly improves
the classification performance. As a ‘baseline test’, we first
evaluate the classification accuracy of the non-personalized
CKDN model on images from an end-user’s Food Diary.
The top-1 accuracy in this baseline test case was found to be
74.3% (Table 3). This clearly shows that the CKDN model
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does not perform well in classifying end-user’s Food Diary
images.

In the second set of experiments, we evaluate the clas-
sification accuracy of CKDN using a combination of test
images from the end-user’s Food Diary and from the
NTUIndianFood50 dataset. This represents the scenario
where the user regularly visits his favorite restaurants and
eats his favorite dishes but time to time the user visits new
restaurants and tries new dishes. To simulate this scenario
we select 360 test images from the Food Diary and 1, 000
test images from the NTUIndianFood50 dataset. These test
images were not used for training or personalization of the
networks. We call this test case ‘personalized test’. The clas-
sification accuracy of CKDN on personalized test is 82.6%
which is higher than the baseline test because a significant
number of test images come from the NTUIndianFood50
dataset, the same domain on which CKDN was trained.

Our third experiment demonstrates the utility of per-
sonalized learning. We evaluate PKD-Net, which is the
personalized version of CKDN, on the personalized test
case scenario described above. The classification accuracy
of PKD-Net is 95.6%. Personalized learning, thus, improves
the classification accuracy by 13% (Table 3).

Table 3: Comparison of classification accuracy between
CKDN and PKD-Net.

Model Test Case Top-1 Accuracy (%)

CKDN Baseline test 74.3
CKDN Personalized test 82.6
PKD-Net Personalized test 95.6

Table 4: Comparison of GHN and PKD-Net in terms of
model size and number of parameters to optimize.

Model Model Size Number of parameters

GHN 510 MB 138.0 Million
PKD-Net 12 MB 4.2 Million

6.3 PKD-Net storage and inference time
Here we discuss the storage, inference time and time

required for personalized learning for PKD-Net. Table 4 pro-
vides the model size and total number of network parameters
for PKD-Net and compares these parameters with those of
the GHN model on the server. PKD-Net provides more than
40 fold reductions in model size and the number of network
parameters. Inference time of PKD-Net was found to be 23
milliseconds per image and the time taken for personalized
learning on a Food Diary with 1512 images was 16 minutes.

7. Conclusion
In this paper, we propose a personalized knowledge distil-

lation based network, PKD-Net, for mobile food recognition.

The proposed PKD-Net recognizes dishes from food pictures
captured by mobile phones and is based on a compact
MobileNet architecture which makes it suitable for future
deployment on mobile devices. PKD-Net achieves strong
classification performance on a compact neural network
architecture using two key techniques (i) personalized learn-
ing on end-user’s dietary preferences and (ii) knowledge
distillation from a deep trainer network. We introduce a
new NTUIndianFood50 dataset that models end-user’s food
preferences via pictures of food taken using mobile devices
in restaurant settings. Experiments on this newly constructed
dataset and existing benchmark datasets demonstrate that the
proposed PKD-Net outperforms many comparative methods
in the literature.
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