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Abstract

Deep neural networks (DNNs) have recently indicated outstanding performance on image learning features
tasks while Convolutional neural networks (CNNs) have been applied for classification tasks by reducing
spectral variations and the spectral correlations of the model which existed in images. In this paper, we
independently approached our work as a sequence of steps. We first implemented sparse autoencoders as
unsupervised algorithm to obtain learned features in two hidden layers for the DNN model by evaluating
the appropriate input features and the optimal number of hidden units, which allow us to validate basic
capabilities of the dataset. Secondly, we trained a deep CNN which consisted of five main convolutional
layers, followed by Rectified Linear Units (ReLUs) layers, max-pooling layers, three fully-connected
layers and a final softmax probability layer, to classify the high-resolution medical images of Computed
Tomography (CT) into five anatomical classes, corresponding to five organs in abdominal regions. As a
result, we considerably achieved the classification accuracy of 83.74 + 3.34% in testing. We also
visualized the layer representations on CT datasets, where they indicated the state-of-the-art performance,
and could hold much promise to initialize further research on computer-aided diagnosis.
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Softmax ¢ CT images

unsupervised learning methods have achieved familiarity.
However, learned features are not a part for such features
extractions, classification schemes and needs to compute
features separately such as edges, gradients and pixels
intensities. Therefore, our primary interest was to gain
experience in implementing other learning methods.

The bloom of the techniques for representation learning
have been witnessed in the past few years, which allow a
machine to be fed with raw data and automatically represent
the needs for detection and classification in computer sci-
ence. Partially inspired by neuroscience, DNN and CNN
models are closely related to the findings of complex cells in
the primary visual cortex [1]. As a large and generally
unknown of biological inputs in the brain, anatomical evi-
dences have shown ubiquitous inter-connections between

T. Vo Van et al. (eds.), 6th International Conference on the Development of Biomedical Engineering
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neurons. After being weighted and transformed to other
neurons repeatedly by an activation function, the output
neuron is activated. This process motivates the neural nets to
be capable for learning.

DNNGs refers, closely, to computational models that are
consisted of multiple processing layers and have the capacity
to learn complex features from high-dimensional data than
shallow ones [2]. By using back-propagation algorithm, the
change of internal parameters is used to compute represen-
tation in the future layer from the representation in the
previous layer. DNNs have emerged as a powerful learning
technique, including object classification [3], speech recog-
nition [4] and empirically demonstrated on the challenging
across thousands of classes [5, 6].

Meanwhile, variants CNNs [7, 8] have recently emerged
as robust supervised technique, successfully applied in
medical image classifications [9, 10] in combination of
convolution [5] and pooling algorithm [11]. By organizing
units of convolutional layers in feature maps, within each
unit is connected to local patches through the set of the
weights, this local weights sum is passed through
non-linearity. After being detected local con-junctions of
features, pooling layers merge semantically similar features

into one, thereby reducing dimension of representation and

creating small shifts and distortions from invariance.
From those advances, our approaches proposed explo
the features learning through unsupervised layers in B

tayer Ly

could connect to a small region of the lower image baged on
biologically inspired ideas to scale the autoencoders.for such
a large image dataset. e

Sparse Autoencoders
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In order to minimize the difference between the output X
and the corresponding target values which must be equal to
the input, we used back-propagation with gradient descent to
adjust the weights and biases of the network’s connections.
After passing the feed-forward algorithm, we computed the
output layer by:
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Fig. 1 a The sparse autoencoders during training. b A typical CNN architecture composing of a convolutional and pooling layer
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Each node of each layer:

551): (EW 5(1+1)> (Zlgz)) (4)

The desired partial derivatives:

——J(W,b;x,y) —a Do+t (5a)
w0

U)

ﬁ](Wa b7x7y) = 51(l+ &

i

(5b)

Hence, the overall cost function after applying the gra-
dient descent:

Jsparse(W7 b) :J(W7b)+BZKL(p||ﬁJ) (6)
i=1

where p is a sparsity parameter and p; =

121-— [al ] We

then enforced the constraint ﬁ] = p to get the Leiber (KL
divergence term):
= p 1 -
KL(p||p;) = plog & + (1 — p)log—L
Pj 1—p

The sparse autoencoders have implemented the opmﬁ%
compressing, the imposing constraints on the num fﬁ“fyf
hidden layer nodes and the sparsity of the hldde;i layer
representations to reduce the input’s dlmenswnahty

Optimization

Since back-propagation is notoriously di
cause the problem of buggy imple
numerically check and carry out théd
will significantly increase the come

by minimizing J(6) [e.g. each J(O)]
in Wthh
Then,

(7a)

(7b)

2.2 Convolutional Neural Network (CNN) F .

Compared to fully-connected network like DNNs whith

activation Wthh allow us to use features atj% location since
the property in CT images are statlonary B

feature, we aggregated statistics o
prone over-fitting features at
pooling, which was
non-overlapping region te

ntly select invariant fea-
te and imply next for

(u(n,n)) (®)

In our beside the traditional convolution and
pooling, rs were added. Firstly, Rectified Lin-

ear Up

ing, e“ompared with conventlonal functions of f(x) =
Wor f(x) = (14+e)!

follomng convolutional layers.

Furthermore, fully connected layer, known as a special
E%se of convolutional layer, connected all activations of
previous layers to the output for not losing information from
all neurons learned. These layers were used in the latter part
of our network to store high level abstraction information

In order to reduce overfitting, we used dropout process
[12] to regularize the network. With a certain probability
during training, we dropped connections between different
layers that made the network become less reliant and more
diverse with shared weights in parallel and sampling them at
test time.

As afinal layer, a softmax classifier was used to normalize
and interpret the output which was defined as a function

. These layers were added,

TVl 9)
S e

where x is the output vector with probabilities, ¢ is cate-
gorical class and C is the total of number classes.

I(x,¢)=
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Fig. 2 CNN architecture applied to CT images. The number of convolutional filters was show

In summary, we investigated the efficient effect of our
CNN, illustrated by Fig. 2, by building five convolutional
layers with a small convolutional filter of 3 x 3 in which
every kernel element was trained, following ReLUs layers,
max-pooling layers of 2 x 2 and a 1 x 1 convolutional
filter in the fully connected layers during convolutional
periods, and a final softmax layer for organ classifications.

3 Results

3.1 Deep Neural Network (CNN)
As training data for DNN, we used the set of CT 1rnage5‘°bv
ten patients, associated with 128 slices of each. We

grab-samples, a few of these patches was Sho
The mmal network parameters werg;

learning rate of 0.05.

Figure 4a, b, ¢ displayed the
by a regular under-complet
hidden units, feature learnt

uies in layer L,
that used 50
autoencoders of

Fig. 3 Random grab samples cut from the data set of CT images

Hellls

fully fully

aomvd Beldl paed sonted  consnond

in breadth represented for*tfige number of neurons per layer
and in depth iated with the number of hidden layers.

idden units showed on Fig. Sa b, c stated that the more
den. umits, the more features have been extracted from
weights in layer L, and represented in layer L.

3.2 Convolutional Neural Network (CNN)

We complied a database of CT images by preprocessing to
convert the original DICOM images into grayscale images,
remove unnecessary parts, annotate and label these images
into five classes: 3. Liver, 4. Bone, 2. Left kidney, 1. Venous
system, and 5. Spleen (Fig. 6). Then, we divided a total
dataset into 90% (8719 examples) for training and 10%
(1281 samples) for validating and testing purposes.
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(a) (b

{a)

Fig. 5 Learned features in hidden layer L f

Fig. 6 A CT image example of
five labeled anatomical organs
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Fig. 7 The first check on CT images with CNN architecture: a convolution; b down sampling; ¢ ReLUs; d pooling

™ (e5)

.
Qo
Jui

~
okt
-
o
Q
o~
yocbeog
-
=
=]

{cl} (c2} {c3) {cd

Fig. 8 Feature learning of CT images from convolutional layer No. 1 to convoluti‘gﬁngl layer No. 5

fiver pone left kidney VENOUS spleen

Fig. 9 Some examples of five organs segmen;g_;gn from dgminated features learned in the CNN model

243 To precisely evaluate our algorithms, chécked and |M, N M|

s visualized the first few layer repges i the whole CT (M1, M) = |M, UM,| (10)

245 images, shown on Fig. 7. Futiher esmecessary features

.« were leant and extracted throushe yer-by-layer, repre- Figure 10 indicated that while the training error (blue 23

4 sented convolutional layersBy:Fig. curve), which showed the error running the CNN model with 264
248 After passing throu@m CNN network, we were
20 able to automatically hat region object could
250 be found by seman’m: tation [14]. For each pixel in
;1 every object, w; checked ;n where if the objects were lied
;2 in and features: were dommated (illustrated on F1g 9) for
253 instance 1eﬁ~,§),
¢ and top,
255 Then
256 Y- co@rdmat% and specified the object’s position. Once the
7 object i'ftras segnented as the output by its locahzatlon we

i Training @ \alidating

20 40 60 80 100 120

Fig. 10 Error of misclassification during 100 training and validating
epochs
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Table 1 Tl.le accuracy result of Organs Testing accuracy (%)
five anatomical organ
classifications Venous system 78.09

Left kidney 83.61

Liver 84.72

Bone 85.97

Spleen 86.33

Average 83.74 £+ 3.34
the same images, was gradually decreasing, the validating References

error (red curve) on the other hand tested the CNN with
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