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1. INTRODUCTION
The Yelp Dataset challenge invites participants to explore

datasets made available by Yelp in order to explore innova-
tive ways to use this data, in hopes of finding insight and
correlations within the data that can help the business model
grow. The motivation for our project is to enrich the user
experience by (1) creating tags for photos based on contex-
tual information, and (2) automatically enhancing a review
with an image.

In order to accomplish this, we will use the datasets made
available by Yelp. In particular, we will use the review text,
and photo datasets. For the photo tagging, we will use all
of the photos uploaded for restaurants. Not all pictures pro-
vide enough contextual information through the dataset, so
we will first concentrate on using algorithms to classify and
create labels for our images. In this report, we focus on the
classification of images using Convolutional Neural Networks
(CNNs) to predict the ‘label’ field.

For the automatic enhancement of reviews, we will reduce
the data that we are using for preliminary testing and train-
ing to a single restaurant only, specifically Mon Ami Gabi,
which is the restaurant that has the most reviews. The other
step we have taken is implementing and testing an entity ex-
traction algorithm on the image captions and reviews. We
will primarily work with noun phrases.

There are several steps that are missing to complete our
project: (1) create a Recursive Neural Network (RNN) and a
Convolutional Neural Network for captioning of the images;
(2) test different algorithms to relate image captions and
reviews, such as Latent Dirichlet Analysis (LDA), Latent
Semantic Analysis (LSA), and bag of words; (3) create a
web interface that shows our results. If time allows, we
would also like to optimize the parameters of the CNN label
classifier.

2. PHOTO TAGGING
The photo dataset includes a label and caption for each

of the images. Yelp labels each picture by classifying it into
one of several categories: food, inside, outside, drink, and
menu. An analysis of the data shows that more than 25

The caption is text introduced by the user which usually
describes what the picture represents. However, an analysis
of the dataset shows that not all of the captions are accurate
and that not all of the pictures have captions and/or labels.
The importance of the captions is that they allow the user to
relate visual and textual information, increasing the quality
of the information.

In our first report, we proposed a context-aware tagging

system, which uses several data mining and machine learn-
ing algorithms to tag each image appropriately. The ap-
proach we suggested was to cluster the available images
based on similarity, assuming similar pictures should have
similar tags. To cluster the images we would have used some
coarse algorithm such as k-means. However, we have decided
to use deep learning algorithms to solve this problem.

The new approach involves two steps: (1) train a Convo-
lutional Neural Network (CNN) to automatically label the
images that are missing labels; (2) train a CNN (similar to
the label classifier) and a Recurrent Neural Network to cor-
rectly caption the images that are missing this information.
In this report we only focus on the first step, since it is
almost complete.

2.1 Background
Convolutional Neural Networks (CNN), like Neural Net-

works (NN), are made up of neurons. Each neuron has
weights and biases which can be learned by an iterative pro-
cess. These weights and biases can be adjusted to give cer-
tain features greater importance over others and this gives it
the ability to learn from experience. A typical Neural Net-
work consists of three types of layers: input, hidden, and
output layers. The hidden layers are the ones that contain
the neurons, which are independent within a layer and fully
connected across layers. The output layer represents the
scores for each class[7].

A Convolutional Neural Network architecture has the par-
ticularity that we can assume that the input consists only of
images. This assumption allows building a model that works
better for image processing thus making it more efficient. In
particular, we can arrange the layers into 3 arranged dimen-
sions: width, height, depth, where depth is equivalent to the
number of channels (1 for grayscale, 3 for RGB images) [7].

The layering in a convolutional neural network works by
taking the input 3D volume and transforms it to an output
3D volume using a differentiable activation function. The
activation function typically used in recent implementation
is a Rectified Linear Unit (ReLU), for which f(x) = 0 for
x <= 0 and f(x) = x for x > 0. Each layer is then stacked
to create the complete CNN architecture [7].

There are three different types of layers that are com-
monly used on CNN models: convolutional layers, pooling
layers and fully-connected layers (a normal NN layer). The
convolutional layers only focus on sub-regions of an image
with strong local connectivity. The pooling layers perform
a downsampling of the image. Finally, the fully-connected
layers are in charge of computing the class scores [7]. An ex-
ample of this layering is shown in Figure 1, which shows the



Figure 1: Example of LeNet CNN model layering [1]

architecture of the LeNet model [1], where the sub-sampling
layer is equivalent to the pooling layer.

2.2 Implementation
For the implementation of the Convolutional Neural Net-

work, we have chosen to use Python. This decision was
based on the high number of packages and libraries that are
available for machine learning and deep learning problems.
In this section we present the steps taken to obtain a working
CNN classifier, which are summarized in Figure 2

Figure 2: Image classification workflow

2.2.1 Read JSON file
The Yelp data sets are provided in JSON format. The

first challenge we faced was to read each of the datasets into
Python. To do this, we used an Apache Drill [6] SQL state-
ment to filter out the data that is not from restaurants, and
we created a new table with only the relevant information,
which was stored as a JSON file.

The photo_id_to_business_id dataset required reformat-
ting to be compatible with Apache Drill, for which we used
a simple Python REGEX expression to convert.

A problem that arose from filtering the data was that
the format of the JSON files created by Apache Drill is not
directly compatible with the JSON Python library, so we
had to include a new JSON decoder class that parses the
JSON file properly. Furthermore, we had to use the Pandas
library function JSON_normalize to format the JSON data
as a data frame.

2.2.2 Read images and image preprocessing
The image dataset provided by Yelp consists of user-uploaded

images. These images have different sizes which range from
1 pixel by 1 pixel, to 600 pixels by 400 pixels. As Figure 3

shows, some of these images do not belong to any of the cat-
egories that Yelp uses as labels, or have a very low quality
which makes it hard to classify them correctly.

Figure 3: Ambiguous images

Convolutional Neural Network algorithms require that all
the images are of the same dimension and shaped as a square.
Therefore, we resized the image so that the smallest dimen-
sion of the image was 64 pixels, and then cropped the image
in the other dimension to obtain a 64 by 64 pixel image. The
size of the images was limited by the GPU memory avail-
able, so using a more powerful GPU would allow us to test
images of 128 by 128 or even 256 by 256 pixels. Another
approach that can be used is to select the largest dimension
(400 pixels by 400 pixels) and instead of resizing the smaller
images, pad the empty space with zeros. This approach was
not used because it requires much more storage than the
current dataset, and as it has mentioned, storage is a lim-



iting factor in the number and size of images that can be
processed.

To be able to classify the images, these must be in ma-
trix form. We used the Python Pillow library to read the
image and extracted the RGB channels as vectors. The re-
sulting vectors were concatenated with the corresponding
label, forming a row representation of the image. The im-
age dataset matrix was formed by vertically appending these
rows.

2.2.3 Split data
Once the data was available as a Python object, we split-

ted the data into six different folds to be used as training and
testing data. For this purpose we used the Scikit-learn [8]
StratifiedKFold function. This function is particularly
useful because it distributes the data evenly, trying to bal-
ance the number of samples for each class across all the
folds. In this case, the ‘label’ column was used for the
stratification.

2.2.4 Store data
The complete dataset was too large to store in memory,

and storing it as a CSV file or JSON file would take a long
amount of time to read (up to 10 minutes for the review
data). Therefore, we decided to use two compression for-
mats that are available in Python. For the text datasets,
we used Pickle/Hickle, which can handle any Python object
and decreases the storage size and time required to read the
file. For the image datasets, Pickle could not handle the
very large size of the data so we had to use the HDF5 for-
mat, which is a better and faster compression algorithm but
does not support all types of Python objects. The image
dataset was splitted into 6 different batches so that the files
are easier to read and store, since 8 GB of RAM were not
enough to process the complete dataset.

2.2.5 Classification
We have implemented two CNN classifiers using two Python

2.7 libraries: Theano [2] [3] and Keras [5]. Theano pro-
vides the back-end of the computation and includes GPU
support. Currently we are using an NVIDIA Geforce GTX
950m with 2 GB of RAM, which is a significant limitation
for deep learning algorithms. Keras provides high-level func-
tions that make modeling easier.

Two different CNN models were tested, one based on the
CIFAR10 data [5] and one based on the ImageNet data,
similar to the VGG-16 model [4] that won the ImageNet
ILSVRC-2014 challenge. The CIFAR10 model is relatively
simple, as can be seen in Figure 4. The VGG-16 model
adds several layers as shown in Figure 5, which significantly
increases the complexity of the model. The data is being
processed in mini-batches of 64 images each.

The main modification that we did to both models was in
the softmax layer, where we had to change the number of
classes to 5. However, the main parameters of the models
were not modified at all. Because of this, the results ob-
tained for this report might be improved by fine tuning the
different hyperparameters of both models. Furthermore, the
weight initialization was set to the default, which follows a
uniform random distribution between −0.5 and 0.5.

2.2.6 Preliminary Results
A summary of the preliminary results can be seen in Ta-

Table 1: Results for Image Classification based on
Labels

CIFAR10 model VGG-16 model
Epochs 160 epochs
Image size 64 x 64 pixels
Average time
(sec per epoch)

188 1,220

Total time ∼8 hours ∼54 hours
Best training
accuracy

95.70% 99.78%

Best test
accuracy

94.12% 94.78%

ble 1. Each model was executed for 160 epochs, or itera-
tions. All of the images were resized and cropped to 64 by
64 pixels. The VGG-16 model obtained 94.78% accuracy on
the test data, while the CIFAR10 model obtained a 94.12%
accuracy. It is interesting to see that the differences in accu-
racy for the training data are significantly larger, and that
the error on this data for the VGG-16 model is very small
(0.22

The VGG-16 model took significantly longer to train, with
54 hours against the 8 hours that the CIFAR10 model re-
quired. This is clearly because of the difference in the num-
ber of layers, and in particular the number of convolution
operations required by each model. While the CIFAR10
model only has 4 convolution layers, the VGG-16 has 13
convolution layers.

Figure 6 shows the accuracy for both of the models for
each iteration. As can be seen, the CIFAR10 model out-
performs the VGG-16 for the first 5 epochs. After the sixth
iteration, the VGG-16 model appears to be consistently bet-
ter than CIFAR10, albeit by a small margin. The graph also
shows that the accuracy of each classifier seems to reach a
steady state, but the accuracy still varies from epoch to
epoch, which looks like high-frequency noise without a well-
defined trend.

2.3 Obstacles
This section summarizes the obstacles we have had until

now, resolved or unresolved:

• Resolved

– Incompatible JSON format of photo_id_to_busi-
ness_id dataset

– Image vector representation

– Storage of image vectors

– Different image sizes

• Unresolved

– GPU memory not enough for images of 128 by
128 pixels

– Parameter optimization

– The softmax classifier is currently forced to choose
between the 5 different labels, even if an image is
unrelated to any of these categories

– Caption-based image classification



Figure 4: CIFAR10 CNN model

Figure 5: VGG-16 CNN model

Figure 6: Accuracy for each epoch on testing data

2.4 Next Steps
With respect to the photo tagging part of the project, the

following items are pending:

• Test the CNN implementation using larger images. For
this we need a GPU with more capacity and processing
power.

• Optimize the hyper parameters of the CNN models.
This may take a significant amount of time so it is

possible that we leave this step for the submission to
the competition.

• We currently have no proposed solution for the fact
that the CNN classifier enforces classes. An idea might
be to check if the softmax output probabilities are
small for all of the classes.

• Development of the caption-based classification algo-
rithm. To achieve this we will need to implement a
combination of CNN and RNN algorithms.

3. IMAGE SUGGESTIONS FOR REVIEWS
The analysis of the caption and review data was limited

to the data of the restaurant with the most reviews in the
Yelp Dataset, which was Mon Ami Gabi in Las Vegas. We
selected this data as a sample to test the implemented algo-
rithms without analyzing the complete dataset which would
be very time consuming. The sample data contains 213 im-
ages with captions and 5,042 reviews.

• Caption characteristics:

– They are on average 29 characters long.

– Some images don’t have captions.

– There are less captions than reviews.

– Most captions are not sentences.

• Review characteristics:

– They are on average 661 characters long.

– Punctuation is not always used properly

– Sometimes there are misspelled words



– Sometimes there is incorrect use of spacing (i.e. a
space in the middle of a word)

We decided to find entities on the captions and reviews
since most images can be described with nouns and for our
project sentiment analysis is not relevant. We opted to try
entity extraction to later use clustering algorithms to match
possible images with a review. To do this, we used TextBlob.
TextBlob is a Python library which has an easy-to-use API
that performs Natural Language Processing operations such
as noun phrase extraction and part-of-speech tagging. For
each noun phrase we lemmatized each word to extract its
root. The idea was to have the same set of words to create
a vocabulary from which we could later create clusters.

3.1 Obstacles
In practice the entity extraction we used had some issues

with correctly recognizing all the entities. Since most of the
captions are not proper sentences (i. e. Outdoor seating
area, hand cut potato chips), the TextBlob tagger was not
efficient in detecting the Part-Of-Speech each word was used
for. In reviews, the problems with recognition were more
related to punctuation and misspellings. Some unrelated
words were seen as one word because they were linked with a
series of periods (i.e. bellagio..I’ m). Also, some misspellings
were accepted as proper words (i.e. ca n’ t). Moreover, some
entities were being partially recognized on both cases; in the
captions and in the reviews.

The time spent processing the data suggests that in prac-
tice, such approach would need to start with the current data
preprocessed. Processing a new review when it is posted
should not take a significant amount of time.

Time spent processing:

• 200 Reviews: 12min

• 200 Captions: 1.3 min

• Reviews take 965.4% more time

We also analyzed the results we were getting with our
current approach. We checked about 60 captions and the
results yielded by the algorithm. We compared them against
what was expected out of the words contained in the caption.

Results analysis:

• Accuracy: 59%

• Recall: 68%

• Sometimes recognizes the full noun phrases (i.e. grey
goose vodka, bloody mary)

• 60% of the time it does not recognize some one-word
nouns (i.e. quinoa, butter)

• 46% of the time gives partial noun phrases (i.e. ‘blue
cheese’ from blue cheese dipping)

This accuracy is too low for our project, so we have de-
cided to explore other approaches that may provide better
results.

3.2 Next Steps
Captions and reviews will be processed to take away stop

words and symbols. After that, captions and reviews will
be analyzed using either Latent Dirichlet Analysis (LDA)
or Latent Semantic Analysis (LSA) to obtain topics out of
the reviews and captions. After obtaining the topics from
the captions and reviews we can pair the reviews with the
captions by the topics that they have in common. It is
possible that we only use LDA or LSA on the reviews, and
then use bag of words on the captions to match these terms
with the topics’ most relevant terms.
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