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Abstract. Automatic retrieval of information is better achieved when the data
is previously classified in categories. However, given the amount of currently
available information, and being constantly produced, it is very hard to man-
ually classify all of them. Thus, it is essential to establish a methodology that
would be able to not only retrieving data, but also to present them in its cor-
rect class. One way to accomplish this later goal is to use Machine Learning
algorithms for classification. In this work we tackle this problem using a Deep
Learning technique, given the increasingly success of this area in classification
tasks. Particularly, we address the automatic classification of images related to
the Olympic Games, focusing on predicting which sport a image is associated
with. We present an extensive empirical study encompassing the training the
Deep Learning Network known as GoogLeNet with 26 of the 42 Olympic sports
disciplines and 5362 images. From the results, we show that GoogLeNet is in-
deed able to correctly classify most of the images that were not presented to the
network in the training phase.

1. Introduction

Image classification with Machine Learning algorithms is still a challenging task due to
the numerous and complex features that a single picture usually contains. However, over
the internet and other sources of information, the usage of images is greatly adopted, and
with so, it is essential to use such algorithms for image classification in tasks such as
summarization and searching.

With the Rio 2016 Olympic Games, a great number of images of the games were
shared throughout the web, ranging from traditional media covering sites to social media
such as Facebook or Twitter. Since the Rio 2016 Olympic Games had 42 Olympic sport
disciplines, it can be convenient in a number of situations to automatically retrieve only a
small subset of all these related pictures presented on the internet, as if you were looking
for only one sport, for example.

Over the years, Convolutional Neural Networks (CNNs) [Krizhevsky et al. 2012]
have achieved the state of the art results for image classification. Motivated by such
results, we investigate the performance of GoogleNet [Szegedy et al. 2015b], a recently
developed CNN topology, for the task of classifying a novel data set presented in this
work. To do so, we extracted thousands of images from Google search engine results for



the previous Olympic games and annotate them accordingly to their respective Olympic
sport discipline.

This rest of this paper is organized as follows. Section 2 discuss related work
focused on the classification of sports related content. Section 3 briefly explains the
GooglLeNet architecture. Section 4 details the process adopted for the creation of the
Olympic Sports Data Set, and also the enhanced variations of it that were made for the
propose of investigating the performance of the neural network. Section 5 presents the
result and discussions about them in terms of accuracy for the classification process. We
end the paper in Section 6, with the final concluding remarks and possible future work.

2. Related Work

In this section we briefly present previous works that also addressed the task of image and
video classification for sports related content, encompassing both traditional Machine
Learning algorithms and the more recently developed Deep Learning techniques. In the
first case, there must be an initial step to collect the relevant features from the images,
that in turn are going to be the input of the Machine Learning method. In the second case,
on the other hand, both the features and the classifier are automatically extracted from the
learning process.

In [Jung et al. 2004] a traditional Machine Learning pipeline is followed, where
first features from color histogram, color coherence vector, edge direction histogram and
edge direction coherence vector are extracted from the images. Then, such features are
used as the attributes of the image data set. Those are going to be the random variables
considered by the classifier to learn patterns from the images. Next, a Bayesian Classi-
fier [Friedman et al. 1997] is trained to automatically assign a class to a sport image.

While the later mentioned work addressed a discriminative Machine Learning al-
gorithm, in [Jeon and Kim 2015], a Latent Dirichlet allocation (LDA) is adopted, that is
able to produce a generative probabilistic model of a corpus. The LDA [Blei et al. 2003],
extended with spatial information, was able to classify the images contained in UIUC’s
Sports Event Data Set[Li and Fei-Fei 2007].

Concerning the application of a Deep Learning method, in [Karpathy et al. 2014]
a data set of one million YouTube sports videos is used to train a Convolutional Neural
Network [Krizhevsky et al. 2012]. The output of the network is a layer with 487 different
classes, arranged in a hierarchic manner, for example the data set contains 6 different
types of bowling, 7 different types of American football and 23 types of billiards.

Previous to that, in [Breen et al. 2002] a shallow neural network following a
domain-dependent ontology was trained to perform classification also in the sports do-
main. After classifying the objects within the image into predefined classes, the ontology
is traversed in order to find a possible semantic relationship among those objects.

This paper also presents a study of classification over a dataset on the sports do-
main. And motivated by a lack of available sports datasets for the Olympic games we
decided to create our own. Since results using neural networks seemed promising, it was
also the methodology applied.



3. GoogLeNet

The Convolutional Neural Networks(CNN) provided a new approach to image classi-
fication. CNNs are able to learn hierarchies of invariant features and classifiers from
annotated data sets.

They currently represent the state of the art solution for classification problems
over natural images. Since its 2012 edition, this is the case of the ImageNet Large Scale
Visual Recognition annual Challenge (ILSVRC) [Russakovsky et al. 2015] for object lo-
calization/detection and image/scene classification from images and videos at large scale,
in which participants received 10 million annotated images and are supposed to classify
its context into 1000 classes.

Typically, different CNNs topologies combine neurons that are sensitive to small
sub-regions of the visual field, and able to learn a hierarchy of visual features composed by
stacks of linear (convolutional) and non-linear transformations, that add invariance to the
transformation process. The convolutional layers work like stacks of classical Computer
Vision filter banks, except that in this case such filters are learned from the CNN training
process.

Usually, the convolutional layers of a CNN are followed by fully connected layers,
similar to classical neural networks, and as such they have the role of a classifier over the
feature vector generated by the previous layers.

The topology named as GoogleNet[Szegedy et al. 2015a] was proposed to
tackle the problem of image classification with a very deep neural network ar-
chitecture and is the ImageNet Large Scale Visual Recognition Competition 2014
(ILSVRC) [Russakovsky et al. 2015] winner.

Its main contribution was the development of the Inception Module (Figure 1)
that dramatically reduced the number of parameters in the network, creating a deeper and
wider topology. The input signal that enters an inception module is processed by filters
of different sizes, including 1 x 1 filters that are responsible for aggregating correlated
features, while in previous networks the convolution kernels were typically uniform.

GoogleNet is formed with Inception modules(1) stacked on the top of each
other, leading to a 22-layer deep model when only taking account layers with parame-
ters, and 27 layers when including pooling, and the overall number of layers used for
the construction of the network is about 100. Along with the convolution layers it also
has non-linear transformations such as Rectified Linear Units (ReLLU) and pooling lay-
ers [Szegedy et al. 2015a].

Differing from the previous CNN approaches, the GoogLeNet topology replaces
the fully connected layers by sparse ones. In this way, the classifier decision is spread
throughout the network, even inside the convolutions.

In order to combat the vanishing gradient problem while keeping the network
deep, during training, they included two auxiliary classifiers connected to the intermediate
layers of the network, so that the their loss gets added to the total loss of the network with
a discount weigh, but that at discarded during inference time.
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Figure 1. Inception Module [Szegedy et al. 2015a]

4. Wild Dataset for Olympic Sports

In order to provide a rich data set to train the Googl.eNet, we gathered a number of images
from the web using Google’s Custom Search Engine tool. As those images were captured
under uncontrolled conditions and devices we call it the Wild Data Set of Olympic Sports,
in other words, those images were not cherry-picked neither manipulated, with the only
exception being the removal of logos and drawings that did not correspond to real world
pictures. We select the twenty-six more popular Olympic sports out of the forty-two
played on Rio 2016, namely: Archery, Athletics, Badminton, Basketball, Beach Volley-
ball, Boxing, Canoe Sprint, Cycling, Equestrian, Fencing, Field Hockey, Football, Golf,
Artistic Gymnastics, Handball, Judo, Rhythmic Gymnastics, Rowing, Sailing, Shooting,
Swimming, Synchronized Swimming, Tennis, Volleyball, Water Polo and Weightlifting.
We also included 2 additional classes to represent the images related to the Olympic Torch
and to the Medal Ceremonies. Taking everything into account, the final data set contains
5362 images, of which 3763 are used to training the weight parameters of the network,
802 are used to validate the training and 797 are left out of the whole training phase, in
order to compose the prediction test set. This data set is henceforth mentioned as the
raw data set, and bellow on Table 1 is a class-by-class division showing the amount of
samples that populates each one of the training, validation and test sets.

In addition to those original images, a few steps ofdata augmentation were im-
plemented to artificially increase the data set in order to have a greater number of varied
images to increase the generalization of the network. This becomes relevant since un-
like the original ILSVRC challenge where the Googl.eNet was first trained from, which
contained about 1.2 million images[Russakovsky et al. 2015], our data set has a much
lower number, so artificially increasing this number can prove to be useful. This process
consists of creating new images by performing flips, translations, rotations and cropping
on the original images. Thus, the images were horizontally and vertically flipped and
rotated up to 45 degrees either to the left or to the right. Cropping and translating were
done in conjunction in a way that square images of at least 200 x 200 pixels were created
from the original images. These steps were followed only to the 3763 images reserved
for training in the raw data set in a way that the validation and test sets remain the same.
Then, the resulting training set consists of 22522 images. The same 802 validation images
and 797 test images mentioned before for the raw data set are used here. This data set is
henceforth mentioned as the augmented data set.

The original (raw) data set has a different number of samples for each class. As
a consequence, when augmenting the data set to produce the second data set, this one



Table 1. Class-by-class division for Training, Validation and Testing

Train | Val | Test

archery 152 32 32
athletics 153 33 33
badminton 155 33 33
basketball 147 32 32
beach volleyball 72 16 16
boxing 198 42 | 42
canoe 160 32 34
cycling 63 14 14
equestrian 160 34 34
fencing 180 39 39
field hockey 142 30 30
football 154 33 32
golf 176 38 38
gymnastics 156 33 | 33
handball 134 28 26
judo 180 38 38
medals 53 11 11
rhythmic gymnastics 68 15 15
rowing 168 36 36
sailing 68 14 14
shooting 61 13 13
swimming 194 41 39
synchronized swimming 64 14 14
tennis 143 31 31
torch 68 15 15
volleyball 171 36 34
water polo 167 35 35
weightlifting 156 34 34

remains imbalanced. It’s worth mentioning that on challenges such as ILSVRC, this is
also not a problem since the data set used is already balanced from scratch. The ideal situ-
ation is to always have the same number of images per category, so that when training the
network, it does not favor one class in detriment of the others. Thus, aiming at addressing
such problems that commonly arise from highly skewed data [Chawla 2009], we created
a third stratified balanced data set. As more images typically make the networks learn
better, we decide to perform oversampling instead of undersampling, to balance the data.
Thus, we randomly included duplicated samples for all classes, except the most populated
one, of the augmented data set, in a way that each one is going to have the same number
of images as the most populated class on the training set.

The most populated class on the augmented data set is the boxing class, with a
total sum of 1188 images. Therefore, for each class, random copies of the images were
added in a way that they ended up with 1188 images each. For example the fencing class
had 1080 images, so 108 copied images were added to this class. This process yielded
33200 training images. As before, the same 802 images are used for validation and 797
for testing. From now on, this data set will be mentioned as the balanced data set.



5. Experimental Results

Data sets Besides the data sets created in this work and explained in Section 4, we
also experiment on the UIUC’s Sports Event Data Set[Li and Fei-Fei 2007], to compare
a previous developed sports data set with the ones yielded in the current work. Although
it does not have the same classes as the Olympics data set, we can use it to observe how
well the GooglLeNet can generalize its prediction along different, albeit related, domain.
As usual when employing a deep learning technique, we start from the public available
previous optimized weights for the Googl.eNet topology, learned from the ILSVC data
set, and fine-tuned them to our domain. However, in order to observe the behavior of
the network when its weights are learned from scratch, we also present results when the
GoogleNet were trained from random weights (without the fine-tuning) with theraw and
augmented data sets.

Experimental Methodology For each test described below, it was used the GoogLeNet
neural network using an image size of 256 x 256 pixels, 30 training epochs with a snapshot
and validation interval of 1 epoch and a batch size of 8 images. The solver type used is
the Adaptive Gradient(AdaGrad) [Duchi et al. 2011] and the base learning rate adopted
was 0.001 with a Sigmoid Decay policy, with 50% step and gamma 0.1. These are the
default parameters for training this network and it was not a concern of the present work
to optimize them.

Results Table 2 shows the accuracy results for training both with and without fine-
tuning, regarding the raw data set. It shows both the overall accuracy and the top 5
accuracy. From the results, we can observe that the performance of the network is greatly
improved when we take advantage of previously learned weights, and only adjust them
during the training phase. In addition, we can see that the accuracy results are very close
for both the validation and test sets, which is an indicative that the network is generalizing
well the domain.

Table 2. Accuracy for the Olympic data set

Raw | Raw(fine-tune) | Augmented | Balanced
Acc.(val.) 0.6262 0.8873 0.8997 0.9158
Acc.(test.) 0.6161 0.8733 0.8683 0.8745
Top5 Acc.(val.) | 0.9047 0.9801 0.9826 0.9851
Top5 Acc.(test.) | 0.8921 0.9749 0.9686 0.9787

In order to understand the performance of GoogleNet for this type of classifi-
cation, the same experiment was performed on a different data set that also has im-
ages related to the sports genre. The data set used was the UIUC’s Sports Event Data
Set[Li and Fei-Fei 2007]. The data set contains 1579 images spread throughout 8 classes:
rowing, croquet, badminton, rock climbing, snowboarding, sailing, polo and bocce. Us-
ing the same training parameters as the previous experiment, the obtained accuracies for
validation and testing were 0.7708 and 0.7542 respectively and the top 5 accuracy for
validation and test were 0.9791 and 1 respectively.



Table 2 also shows the accuracy obtained from both the augmented set and bal-
anced set, considering these modified data to train the network, but the same validation
and test set images, to verify the performance of the network. To further understand the
classification done on each training, it was calculated a confusion matrix for the test set.
By taking for each class the amount of correct and incorrect predictions, it is possible to
find an individual accuracy for each class. The individual accuracy for each class obtained
on each of the 3 sets trained from the data produced in this work are listed on Table 3.

Table 3. On the left: Individual accuracy for each class, considering the training
with the data sets created in this work. The bold value is the best one for each
sport discipline. On the right: Acc. with 0.9 threshold.

No threshold 0.9 threshold
Raw#* Aug. Bal. Raw#* Aug. Bal.
archery 0.9063 1 0.9688 1 1 1
athletics 0.9091 | 0.8788 | 0.8788 | 0.9655 | 0.9642 | 0.9333
badminton 0.7576 | 0.7879 | 0.7879 | 0.8275 | 0.8125 | 0.8333
basketball 0.9063 | 0.7813 | 0.8438 | 0.9583 | 0.8888 | 0.9259
beach volleyball 1 1 1 1 1 1
boxing 0.9048 | 0.9048 | 0.9286 | 0.9743 | 0.9047 | 0.9750
canoe 0.7647 | 0.7941 | 0.8235 | 0.9230 | 0.8227 | 0.8571
cycling 1 1 0.9286 1 1 1
equestrian 0.9412 | 0.8529 | 0.8824 1 0.9062 | 0.9677
fencing 0.9744 | 0.9744 1 1 0.9062 | 0.9677
field hockey 0.8333 | 0.8000 | 0.7333 | 0.9585 | 0.8846 | 0.9545
football 1 0.9688 | 0.9688 1 1 1
golf 0.9474 1 0.9737 1 1 1
gymnastics 0.9697 | 0.9091 1 0.9696 | 0.9677 1
handball 0.8462 | 0.7308 | 0.8077 | 0.8947 | 0.8095 | 0.9047
judo 0.9474 | 0.9474 | 0.9737 1 0.9722 | 0.9729
medals 0.5455 | 0.6364 | 0.4545 1 0.7500 | 0.7142
rhythmic gymnastics 0.8667 | 0.8667 | 0.9333 | 0.8333 | 0.9166 1
rowing 0.9167 | 0.9167 | 0.9444 | 0.9293 1 0.9705
sailing 1 1 1 1 1 1
shooting 0.9231 | 0.9231 | 0.9231 1 1 1
swimming 0.6923 | 0.7179 | 0.6410 | 0.7575 | 0.8181 | 0.6756
synchronized swimming | 0.8571 | 0.8571 | 0.9286 | 0.9230 1 1
tennis 0.5484 | 0.5161 | 0.5806 | 0.7647 | 0.6000 | 0.5454
torch 0.8667 | 0.8000 | 0.8000 1 0.9166 | 0.8571
volleyball 0.6765 | 0.8000 | 0.7059 | 0.8400 | 0.7500 | 0.8214
water polo 0.9143 | 0.7353 | 0.9429 | 0.9666 | 0.9705 | 0.9687
weightlifting 1 0.9714 1 1 1 1

:corresponding to fine-tuned column from Table 2

By carefully analyzing the results presented on Table 3, its possible to see that
only a few classes reach a very poor accuracy performance on the test set, some getting
around 0.5 accuracy only. The augmented improved on 7 classes and got worse on 12,
and the balanced improved on 12 classes and got worse on 12 also. Figure 2 shows a
example of a photo that improved its classification by adding the balance to the dataset
in relation to the augmented, on the augmented set the top prediction was of 0.4963 for
basketball, on the balanced dataset the top prediction was the correctly predicted handball
with 0.999.



Figure 2. Classified as basketball with 0.4963 using the augmented set and as
handball with 0.999 using the balanced dataset

Figure 3. First is a tennis image wrongly classified as field hockey. Second is a
badminton image wrongly classified as tennis

The medals class is the extreme example on the case of low performance on the
training with the balanced set and reaching a cap of only 0.6364 on the training with the
augmented set. One possible reason for this behavior is the fact that the class itself is very
ambiguous, since it contains images that could be perceived as any other sport instead of
only the medal celebration for that particular sport. This can be easily noted when looking
at the confusion matrix for the balanced training, where the medal images classified as
something else are well spread throughout other classes. When analyzing each image
individually its possible to find cases where the top5 prediction contains the medal class as
its first prediction with 0.95+ and some other cases where the first prediction is something
else with 0.95+ and the medal class does not even show up on the first five predictions.

A surprisingly poor result can also be seen for the tennis class for all 3 training,
scoring somewhere around the 0.5 mark for each one. When jumping closely to the con-
fusion matrix its possible to see that the network often treats a tennis image as volleyball,
badminton or more commonly field hockey. Figure 3 shows a case where the balanced
network tags a tennis image as field hockey with 0.9989 followed by a case where the
same network tags a badminton image as tennis.

Next on the list of undesired performances on classification is the swimming class,
which seems to be confused with other 2 classes: water polo and synchronized swimming.
This is understandable, as they are all aquatic sports. Even though, those 2 classes have a
good individual performance.

On some cases, where it was expected to find poor results we actually found, sur-
prisingly a very good accuracy score. A good example is the rowing and canoe classes
which can be easily confusing for the human eye to differentiate. Figure 4 shows a exam-
ple where the balanced network tagged both sports with accuracy of 1.



Figure 5. First prediction basketball, second prediction athletics

Sometimes, when the network makes a mistake, it is possible that the reason was
a conflict between two classes with similar probabilities. For example: figure 5 have on
its top5 prediction something as the first one being basketball with 0.5016 and the second
one being athletics with 0.4982. The correct answer would be athletics but the answer the
network gives is basketball. However, these values seem to have no statistical difference.
By adding a certain threshold to the classification and getting only predictions with a
certain confidence determined by this threshold its possible to see how well the network
performs without those cases. By only taking images classified with a prediction equals
or higher than 0.90, different results can be observed, as exhibited in Table 3.

These results show that the raw approach does indeed have more trouble with
competing predictions as it has a bigger accuracy percentage when such threshold is ap-
plied. Although this seems to give a better accuracy for picking isolated images from a
given class, this cannot be seen as a metric for classification, since some images are left
out when using a threshold. Also its possible to see that even though the overall accuracy
is higher, some classes remains problematic, such as tennis and medals.

6. Conclusion

In this paper we showed that a Deep Neural Network can achieve a high performance on
image classification for a novel data set of the Olympics sports domain. Furthermore, we
show that a few steps of image processing on the data set can improve significantly the
results of difficult classes in terms of accuracy.



Although some sports can be easily perceived by the network, others seem to
need a bigger attention during the training phase. Classes like swimming and tennis got
very low accuracy scores and it might be possible to further investigate if some image
processing techniques can better explicit those unique features that these sports have when
training the network.
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