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ABSTRACT

With the development of machine learning, Convolution
Nueral Networks (CNN) are widely used in various disci-
plines. It provides many tools that can perform different tasks
on large data sets. The focus of this paper is on tools that clas-
sify the breed of a dog based on an input image. The data set
is Stanford Dog data set. We pick three representative models,
VGG16, Inception V3 and Xception to extract features in an
image. Then we use logistic regression classifier to identify
the breed of dogs in it. Xception and Inception both perform
well. Their accruacy reach 99% on training set and 94% on
test set. However, VGG16 performs poorly whose accuracy is
just 85% on test sets. In the end, the reasoning of such results
is discussed.

Index Terms— CNN, VGG16, Inception V3, Xception,
Dog classification, Logistic regression,

1. INTRODUCTION

Dogs are adorable creatures. Despite the enormous variety
in the way a dog acts and reacts to the world around them, at
least we can tell what kind of dog it is with the help of Convo-
lutional Neural Networks (CNN). The input to our algorithm
is an image. We use transfer learning to extract different level
features with pretrained models, such as VGG16, Inception,
and Xception. The output is the breed of the dog in the image
with the help of Logistic Regression Classifier.

Besides, this topic provides a great domain for classification
problems. After all, dogs are possibly the most photographed
creatures apart from humans. With the increase number of
cameras, sources of dog images are abundant. These im-
ages show dogs of various shapes and sizes under different
poses, which could provide sufficient data for categorization
experiments. The results in this domain then might extend to
broader domain of species categorization.

(Convolution Neural Networks has recently become promi-
nent for image classification problems. Compared to other
classification techniques, CNN is unique in that it starts from
raw data, obviating the need to hand engineer features prior to
applying the modeling technique. For image sets that are re-
sistant to summarization via traditional features, Neural Net-
works are particularly suitable to deal with such problem. In
our case, the images are graphs of dogs.)

2. RELATED WORK

Conventionally, computer vision problems have been solved
using hand-engineered features like HOG, SURF and various
type of features. However, features extraction task has been
mostly shifted toward Convolutional Neural Networks since
the success of AlexNet[1] at 2012 and VGG[2] at 2014 . Af-
ter that, deeper models such as GoogleNet, ResNet[3] and
DenseNet [4] are introduced.

Our project especially addresses fine-grained categorization,
that is, we need to make discrimination between a large num-
ber of similar classes. Some of the previous work relies on
segmentation to localize the object of interest before extrac-
tion. For example, determine plant species based on images of
leaves. Their dataset is leaf photos with flattened leaves pho-
tographed with top and bottom lighting in plain white back-
ground. They achieved good performance using a color-based
EM algorithm for segmentation.[5]

In another study, Dog Breed Classification Using Part Local-
ization, a successful localization and classification pipeline
designed for the problem are presented. Their breed iden-
tification algorithm relies on accurate facial detection as a
first step, and yet produces impressive results via a pipeline
backed by SVM. [6] Another previous work uses the multiple
kernel framework with an SVM classifier. They compute four
features for the flowers, each describing different aspects. The
most discriminative kernels for each class are then combined.
[7]1 Besides that, a variety of techniques and models have been
used, including Inception, Xception, ResNet, etc. [§]

3. DATASET AND FEATURES

To train the model, we use the Stanford Dogs dataset [9]. This
dataset has 20,580 images for 120 different breeds of dogs,
and each dog breed has minimum 60 images. For the sake
of quicker experiments, we picked 2247 pictures of 20 dif-
ferent types of dogs to model. We have divided dataset into
train data and test where train data is 80% and test data is
20% respectively. Since the size of images varies, we set a
299%299%*3 window to cut out the image from the center. Ex-
amples of image samples from our data set are shown in Fig-
ure 1.

For feature extraction, we applied pre-trained models as fea-
ture extractors to do the transfer learning, as learned filters on
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Fig. 1. Some dog images from data set

large datasets are transferable into other image classification
domains. The three pre-trained model we use for feature ex-
traction are VGG16, Inception, Xception. Details about fea-
ture extraction are in Methods part.

4. METHODS

For feature extraction, we use VGG16, Inception, Xception
models and compare their performance. After feature extrac-
tion, we implement a logistic regression classifier to do the
classification.

4.1. VGG1e6

VGG is a convolutional neural network model for image
recognition proposed by the Visual Geometry Group in the
University of Oxford, where VGG16 refers to a VGG model
with 16 weight layers [10]. In our case, the input layer takes
an image in the size of 299 x 299 x 3. Figure 2 is the structure
of VGG16: This image is passed through a stack of convolu-
tional layers. In these layers, the filters were used with a very
small receptive field: 33. The convolution stride is fixed to 1
pixel. Besides, the padding is one-pixel for 33 conv layers.
Such setting of the spatial padding of conv layer input ensures
that the spatial resolution is preserved after convolution. Spa-
tial pooling is carried out by five max-pooling layers. These
max-pooling layers follow some of the conv layers. Note that
not all of the conv layers are followed by max-pooling. Max-
pooling is performed over a 22 pixel window, with stride
2. The output layer is a softmax prediction on 20 classes.
Softmax can be used to represent the probability distribution
among these 20 classes. It is calculated in the following,
where x is the input data into Softmax.

exp(x;)
> exp(xy)

softmax(x) = softmax(x — max z;)

softmax(z;) =
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Fig. 3. Structure of Inception

4.2. Inception V3

Inception is a widely used image recognition model. It at-
tains the new state of the art capacity for classification and
detection on in the ImageNet Large-Scale Visual Recognition
Challenge 2014.[11] It is a popular model which is made up
of symmetric and asymmetric building blocks. I includes con-
volutions, average pooling, max pooling, concats, dropouts,
etc. Batch norm is used extensively throughout the model,
and applied to activation inputs. Loss is computed via Soft-
max function. In brief, it has a remarkable quality gain at a
modest rise of computational requirements compared to shal-
lower and narrower architectures. A high-level diagram of the
model is shown in figure 3.

4.3. Xception

Xception uses depth-wise separable convolutions. The model
performs one by one convolution first, and then moves into
the channel wise spatial convolution. In addition, it does not
have an intermediate activation, which also result in its higher
accuracy compared to other methods, such as Inception.[12]
Lastly, Xception performs better due to the better use of the
model parameters.

The architecture of Xception is in figure 4 . It is developed
from Inception v3. Just like Inception, Xception also has
Entry, Middle and Exit flows. As shown in the picture, the
data first goes through the entry flow, then through the mid-
dle flow, repeated for eight times, and finally goes through the
exit flow. Of course, the core is the Middle flow. Entry flow is
mainly used to downsample to reduce the spatial dimension.
Middle flow learns and optimizes the features. The Exit flow
summarizes and organizes the features, then it is handled to
fully connected layer for expression.
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6. CONCLUSION

We’ve tried three different models, VGG, Inception, Xcep-
tion as feature extractors, cooperating with Logistic Regres-
sion Classifier to identify dog breeds.

Inception/Xception’s performance is much better than VGG
according to different kinds of metrics including accuracy,
precision, recall and F1 score. Compared to VGG, incep-
tion/Xception has deeper layers, diverse kernel size, introduce
inception module to keep sparse connection. VGG definitely
has it’s advantage, for example, it replace one large kernel by
two or three 3 * 3 size kernel and make the layers deeper. But
in this task, it’s clear inception/Xception win.
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Zhenyang Wang: Model building of VGG16, Xception etc , results analysis
Dinggian Zhao: Data acquisition, pictures generation,paper writing
Kexin Hong: Parameter tuning, paper writing, collect related work

Answer to questions:

Group25:

Q1: Do you have some misclassification results? | think the model may meet some
difficulties when classifying some kinds of dogs.

Yes, we have. We didn’t demonstrate it because those misclassification doesn’t
show any regularity. The misclassification belong to different kinds of dogs across
the dataset.

Q2: Why did you decide to use logistic regression? What about dense layers?

We know transfer learning as a methodology, use pretrained model mainly in two
ways, as a feature extractors cooperating with a classical classifier, or delete the
origin top layers and append a new dense layer to do a fine tuning.

Generally, the first method shows better performance on relatively small dataset
which has around thousands of pictures like 17flowers dataset, and when the
dataset get larger, fine tuning get better performance. In the dog identification task
which has 10223 pictures to learn, both methods perform well.

We’ve looked through several Kaggle kernels which used fine tuning with
inception/xception, no result is obviously better than our implementation. But your
suggestion is great, it's always necessary to think about

Q3: Do you actually implement these three models? Or do you just use the libraries?
There’s nothing about model building in your code part.

No, we used the libraries, and actually we can’t implement them because the most
important thing in the pretrained-model is not ‘model’ but ‘pretrained’ parameters.

Q4: Why is your number of breeds only 20?7 As far as | know, Stanford’s dog dataset
is a large dataset. So | think it should be larger.

Sorry for the unclarity, as we said in the code demo part, we use 20 breeds to
classify just aiming to keep the demo time in 5 minutes otherwise the training time is



too long, and that’'s why you can see the classification result is much better than
what we demonstrate in the slides.

Group84:
Q1: Better demonstrate state-of-art result to compare.

Good point! That’s true, it would be very good to compare our result to the state-of-
art one and analysis the weakness of our implementation.

Group 87:

Q1: VGG16 seems overfitting. Maybe you can add some dropout layers to improve
the result

Great point, but we can’t append dropout layers to avoid overfitting because our
classifier is a logistic regression classifier rather than a Neural network.

We did have some measures to avoid overfitting like L2 regularize the penalty and a
further measure could be cross-validation.

Q2: What kind of picture may cause the model to misclassify?

Refer to answer in Group 25 Q1

Q3: There are too many words in some slides. (ex: p4)

Thanks for advice, we will improve next time.

Q4: What is effect of the transfer learning technique (using pretrained model on
ImageNet)?

Transfer learning can largely save training time and improve the result. But there're
some requirements to apply transfer learning like the pre-trained model need to be
general enough, the number of layers we took from the model etc. If you have further
interest, refer to this paper Distant Domain Transfer Learning. It's not a state-of-art
paper but gives clear description of transfer learning which still applies today.



Q5: The model used logistic regression after extracting features from the model.
What will the results be if fully connected layers are used (since it is the most
common way for object classification )?

Refer to answer in group 25 Q2
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