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Abstract

Prostate Cancer in men has become one of the most diagnosed cancer and also one of the leading causes of death in United
States of America. Radiologists cannot detect prostate cancer properly because of complexity in masses. In recent past,
many prostate cancer detection techniques were developed but these could not diagnose cancer efficiently. In this research
work, robust deep learning convolutional neural network (CNN) is employed, using transfer learning approach. Results are
compared with various machine learning strategies (Decision Tree, SVM different kernels, Bayes). Cancer MRI database
are used to train GoogleNet model and to train Machine Learning classifiers, various features such as Morphological,
Entropy based, Texture, SIFT (Scale Invariant Feature Transform), and Elliptic Fourier Descriptors are extracted. For the
purpose of performance evaluation, various performance measures such as specificity, sensitivity, Positive predictive value,
negative predictive value, false positive rate and receive operating curve are calculated. The maximum performance was
found with CNN model (GoogleNet), using Transfer learning approach. We have obtained reasonably good results with
various Machine Learning Classifiers such as Decision Tree, Support Vector Machine RBF kernel and Bayes, however
outstanding results were obtained by using deep learning technique.
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Introduction

Prostate cancer is the most common malignancy (other
than skin cancer) diagnosed in men. Prostate cancer is a
disease defined by the abnormal growth of cells. These
abnormal cells can proliferate in an uncontrolled way and,
if left untreated, form tumors which may metastasize or
spread to other parts of the body. Prostate cancer has the
potential to grow and spread quickly, but for most men, it is
a relatively slow growing disease. On an annual basis
globally, approximately (1.1) million men are diagnosed
with prostate cancer.

Recently, prostate cancer has become one of the most
commonly diagnosing carcinomas among males. In 2017,
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Statistic of United States shows that prostate cancer is
ranked first among all cancer cases in males (Siegel et al.
2017). Rapid increase in growth of prostate cancer in China
is reported in a study conducted in 2015 (Chen et al. 2016).
There is an estimate of (1.7) million diagnosed cases up till
2030 (Chou et al. 2011). To increase probability of pros-
perous treatment diagnosing of prostate cancer is crucial. In
last few years diagnosed cases of prostate cancer are
increased because of PSA (prostate specific antigen) test-
ing. However, prostate cancer grow slowly and has low risk
of death in nearly half of diagnosed prostate cancers
(Eggener et al. 2015). Transrectal ultrasonography guided
biopsy (TRUS) is standard of care for diagnosing prostate
cancer. It shows high rate of incorrect results and painful
procedure of diagnosing prostate cancer (Costa et al. 2015).
Most cases of this type of cancer is found in aged men so a
less harmful technique with accurate classification of
prostate cancer is required. Radiation therapy is a tech-
nique to restrict or damage effected cells in prostate gland
and Brachytherapy is the one of the oldest technique for
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prostate carcinoma (Talcott et al. 2014). Within recent past
years one of the modern developed technique is
brachytherapy for transperineally permanent prostate
(Kattan et al. 2001).

In last decade, medical images creates huge impact on
the process of analysing different body parts (Rathore et al.
2015). Various researchers have developed different tech-
niques for detection and classification of prostate carci-
noma. Some of techniques and tools developed in past few
years to detect prostate cancer include PSA, DRE (digital
rectal examination) and Transrectal ultrasonography
(TRUS). It was observed that these techniques show
incorrect results (Yu and Hricak 2000).

PSA technique employed by Schrdder et al. (2009) has
the ability to detect cancer with slow growth and diagnostic
with this technique has helped in reducing the rate of death
to one-fifth. On the other hand, TRUS guided biopsy
method failed to diagnose all cases of prostate cancer and
also its accuracy was not found good enough. Magnetic
Resonance Imaging (MRI) was employed as a tool for
TRUS. The MR images have capability to detect prostate
carcinoma because of high quality resolution of these
images (Vos et al. 2010; Wall et al. 2010). MRI has
become important part of prostate carcinoma detection
process. Improved classification and detection results of
prostate carcinoma based on computerized tool i.e. com-
puter power-assisted diagnosing (CAD) are employed that
showed good prospect of computer based techniques for
detection and characterization (Seltzer et al. 1997; Hricak
et al. 2007). Capability of texture and morphology of MRI
displays signature of effects of diseases. This feature of
MRI helps in classification and detection of diseases (Fan
et al. 2007).

In the past, researchers extracted different features from
physiological and neurophysiological systems to under-
stand the underlying dynamics. Currently researchers
developed automated tools for studying the neural
dynamics of the physiological signals and systems.
Recently, Bonzon (2017) proposed neuro-inspired sym-
bolic models of cognition which links the neural dynamics
to behavior though asynchronous communication. More-
over, Hussain (2018) computed different features from
EEG signals with epileptic seizures and applied robust
machine learning techniques with parametric optimization
approach and obtained higher detection performance.
Likewise, Khaki-Khatibi et al. (2019) computed the rela-
tionship between the use of electronic devices and sus-
ceptibility to multiple sclerosis and obtained very highly
significant results. Likewise, Bonzon (2017) proposed
neuro-inspired symbolic models of cognition which links
the neural dynamics to behavior though asynchronous
communication. Moreover, Hussain (2018) computed dif-
ferent features from EEG signals with epileptic seizures
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and applied robust machine learning techniques with
parametric optimization approach and obtained higher
detection performance. Similarly, Khaki-Khatibi et al.
(2019) computed the relationship between the use of
electronic devices and susceptibility to multiple sclerosis
and obtained very highly significant results. Hussain et al.
(2018a) recently extracted texture, morphological, SIFT
and EFDs features from Prostate Cancer database and used
different machine learning techniques to detect the cancer
and Hussain et al. (2018b) extracted the multimodal fea-
tures to detect the brain tumor. Hussain et al. (2018c)
applied Bayesian inference approach to compute the
association among the morphological features extracted
from Prostate cancer images. The performance obtained
using morphological features was also improved. The
purpose of this study was deeper network relationship
analysis using morphological features using node and arc
analysis to judge the strength of nodes.

Likewise, Hussain et al. (2018a) introduced a technique
to detect prostate cancer by extracting various features
from MRI such as SIFT, Morphology, EFDs, Texture and
Entropy. Based on these extracted features different clas-
sifiers such as SVM, DT and Bayes were used to classify
prostate cancer. By using single feature maximum accuracy
of 98.34% with area under curve (AUC) of 0.999 was
recorded, while highest accuracy of 99.71% with AUC of
1.00 was obtained by employing combination of feature
Hussain et al. (2017). Li et al. (2018) also extracted some
features and got AUC of 0.99 by employing SVM. Hinton
et al. (2006) proposed greedy technique known as
Restricted Boltzman Machines in which he trained layers
one by one and avoids vanishing gradient problem and
opens door for deeper networks. Deep learning improves
classification results of computer vision (Krizhevsky et al.
2012) and speech recognition (Hinton et al. 2012).
Recently, Hussain et al. (2019) extracted different features
from Lung cancer imaging data and employed refined
fuzzy entropy methods to quantify the dynamics of lung
cancer.

Perez et al. (2016) has developed another feature
extraction technique by computing features such as Local
binary patterns, texture features etc. and obtained perfor-
mance of 81-85% in terms of AUC. Technique proposed
by (Han et al. 2008) has shown a specificity of about
90-95% by using SVM on texture and shape based fea-
tures. Cameron et al. (2014) proposed a hybrid model
based on morphological and textural features and got
specificity of 78%. Doyle et al. (2006) obtained accuracy of
88% to detect prostate carcinoma by extracting texture
features with first order statistics. Moreover, Isselmou et al.
(2016) introduced a new technique to detect cancer auto-
matically from MRI inspired by threshold segmentation
based on morphological operations, and obtained an
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accuracy of around 95.5%. By using small convolutional
kernels, Pinto et al. (2016) obtained accurate tumor seg-
mentation of brain. Likewise, Liu et al. (2014) applied deep
learning technique to detect Alzheimer’s from MRI and
reported an overall accuracy of 87%. In recent years dif-
ferent researchers such as Mooij et al. (2018), Asvadi et al.
(2018) and Zabihollahy et al. (2019) applied Deep learning
based technique U-Net (Ronneberger et al. 2015) and its
variants (based on CNN) to detect prostate cancer. In which
encoders and decoders are used to classify healthy and no
healthy pixels. The researchers Liu et al. (2019) proposed
improved ResNet50 (He et al. 2016) that provides more
information than these mentioned studies, but all men-
tioned CNN based methods requires large size of dataset
and computational resources.

Previously employed techniques failed to provide higher
performance because they cannot extract hidden features.
Some of past proposed methods could not apply enough
techniques to detect cancer. Different features extraction
techniques proposed by Hussain et al. (2017) provides
good results but still improvement is not enough because
ML algorithms results cannot improve results by fine tun-
ing. This problem can be answered by employing deep
learning technique that allows fine tuning and are based on
optimized activation function. Training of CNN network
requires too much processing power and time, so in this
study transfer learning approach is used by employing
GoogleNet. Below figure shows general overview of pro-
posed system in which image is taken in first step than
feature extraction and classification is done by (GoogleNet)

(Fig. 1).

Fig. 1 Overview of GoogleNet
method by employing transfer
learning

Materials and methods
Dataset

Dataset that are used in this study are publicly available at
Prostate (2018) provided by the Harvard University, Har-
vard medical School. Production of this dataset has been
funded by National Institutes of Health (department of
United State) grant. The dataset contains Medical Reso-
nance Imaging (MRI) of 230 patients with different cate-
gories, dataset is arranged in various series and
examination description. In this study, MRI of two type of
cases are chosen (prostate, brachytherapy), last series of
patient test are taken for classification. Last series contains
MRI images of T1-Weighted scans and shows Axil plane.
This database was obtained in accordance with the regu-
lations of HIPAA and constructed with proper internal
review board (IRB) approval. Moreover, production of this
database was funded by NIH Grant U41RR019703. All
images in the database includes those obtained T1-weigh-
ted, diffusion-weighted, and dynamic contrast material-
enhanced (DCE) imaging sequence. Experienced uroradi-
ologists reviewed the MR images who knew that the
patients had undergone radical prostatectomy but were
blinded to the other data. They evaluated the images
obtained with the three pulse sequences concomitantly.
First, all prostate lesions of the peripheral zones were noted
that showed low signal intensity on T1-weighted images
and or apparent diffusion coefficient (ADC) map and or
that showed early enhancement on DCE images. Then all
transition zone lesions were noted that showed homoge-
nous low signal intensity on T1-weighted images, with ill-
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defined margins, no capsule and no cyst (Lemaitre et al.
2009; Oto et al. 2010; Chesnais et al. 2013; Akin et al.
2006). In the present study, 20 patient’s data are taken that
consist of total of 682 MRI and 482 MRI from Prostate
patients and 200 MRI from Brachytherapy patients are
used, 70 percent images are used for training CNN (Goo-
gleNet) network and 30% for validation and testing.

Deep learning

Deep learning is a part of machine leaning that comes out
from previously methods of ML to ANN. Working of
Artificial neural networks (ANN) is like a human brain. In
ANN computation performed by neurons that are basic
units of computation, these neurons perform some opera-
tion and forward information to other neurons to perform
further operations. Layers are formed by groups of neurons,
normally calculations of one layer is transferred to another
layer but some networks allow to feed information within
layers neurons or previous layers. Final results are output
of last layer which can be used for regression and classi-
fication. Basically deep learning automatically extracts
information from the data (Bengio et al. 2012; Lillicrap
et al. 2015; Bengio 2013) which helps in analysis and
prediction ability for the complex problems.

Hinton et al. (2006) proposed greedy technique known
as Restricted Boltzman Machines in which he trained
layers one by one and avoids vanishing gradient problem
and opens door for deeper networks. Deep learning
improves classification results of computer vision (Kriz-
hevsky et al. 2012) and speech recognition (Hinton et al.
2012).

Convolutional neural networks

CNNs have many application such as object detection,
object recognition, image segmentation, face recognition,
video classification, depth estimation and image captioning
(Krizhevsky et al. 2012; Girshick et al. 2012; Shelhamer
et al. 2017; Taigman et al. 2014; Karpathy et al. 2014;
Eigen et al. 2014; Karpathy and Li 2015). In machine
vision neural network got better results by employing
convolutional neural network. Then this idea inherited by
researchers in industrial areas where this technology
becomes popular. LeCun et al. (1998) proposed design that
are improved design than (Homma et al. 1988) architecture
of today’s CNN is like LeCun design. CNN becomes
popular by winning the ILSVRC2012 competition (Kriz-
hevsky et al. 2012).
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Convolutional layer

The convolutional layer works with 3D objects rather than
one dimensional layer. It looks like CNN use 2D images
but mostly images have red, green and blue intensities
which gives us 3rd dimension also known as channel.
Commonly for colored images depth is 3 whereas for
black-and white images the depth is 1. To find interesting
features convolutional layers goes deeper and deeper in the
network and increases depth. Earlier layers identify basic
features like blobs, edges and colors, last layers differen-
tiate the complicated objects such as animals, human faces
because these layers include more neurons.

Filter (kernel) are included in convolutional layers. Let
KN be a kernel with m rows, fi columns and depth dt. Then
receptive field (KNm x KNfi) on the image have the ker-
nel of the size (KNm x KNi x dt) to work with. The
kernel size is smaller than size of images and then kernel
produces a features map. Basically, sum of multiplication
of elements of the kernel and images are convolution. But
thing to remember is that dt of the input image and kernel
is equal but it varies within the network. Stride is another
option that are initialized before the training, it shows rate
to which kernel can move at a time. Disadvantage of using
stride in convolutional layers is decreased in map size
output. Below equation shows connection between output
OU and input size of an image im by using convolutional
along stride SD and kernel KN. Where output row size
OUm and column size OUf of CN (convolutional layers)
are determined as follows:

O U m =1 mm— KDmSD + 1,

1
OUn=1mn—KDnSD + 1 )

After this layer, the network goes towards next layer
may be new convolutional layer or a pooling layer.

Pooling layer

The pooling layer is down sampling layer which produces
output with decreased size, and it operates independently
on each depth part. Pooling layer consist of filters that
moves with predetermined value of stride to give output
(Goodfellow et al. 2016). There are many pooling methods
such as max pooling, average pooling, L2-norm polling.
Mostly max pooling methods is used in neural networks, it
takes large value of the input within the filter size.

Fully connected layer
In every Convolutional layer there must exist at least one

fully connected layer that transform computed features into
class score. To fully map input layer into the output, each
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neuron of previous layer must be connected to this layer
(connected layer). The output out/ for a fully connected
layer j is shown below:

out/ = AC(out ™" x wait’ + 87) (2)

wait’ and B/ are the weight and the bias vectors of layer j,
and AC is the activation function. Learning parameters in
fully connected layers increases substantially because it
does not share parameters like convolutional layer.

Activation function

Activation functions are employed to learn more compli-
cated functions. There are various activation functions, but
the most popular is ReLU (Rectifier Linear unit). It shown
is below equation:

AC(x) = max(0, x) 3)

where x is the input to neurons. It easier to implement and
optimize because of its properties of linear model (Good-
fellow et al. 2016). Softmax is another popular activation
function which are mostly used in output layers.
eXi
Zn:l e

The output neuron shows the probability of input signal

to belong to class, value between 1 and O.

Transfer learning

Transfer learning is a method which use a model trained on
one dataset as the initialization for a model trained on another
dataset. This method is prevalent in other fields of deep
learning, like image classification. A typical practice is to
require a system prepared on ImageNet, a dataset of over
fourteen million images, supplant the classification layer, and
retrain the system for a more particular assignment, like plant
leaf discrimination. This enables the first layers of the system
to find out extremely generalizable options from the bigger
dataset, and therefore the later layers of the network to take on
the specifics of the smaller dataset for the adapted model.
Transfer learning is employed to expend the domain of
knowledge of a neural network. This suggests that a net-
work will learn to acknowledge more categories (Gutstein
et al. 2008). For instance, a CNN is able to distinguish tea
donkey and horse may be re-trained to increase its infor-
mation or data and be able to identify beefalo too, or it may
be re-trained to tell apart between goat and wolfs instead,
however reusing a number of the data non-inheritable in
learning to distinguish donkey and horse. A requirement
for transfer learning could be a trained network. Transfer
learning implementation is the equivalents to choosing one

or more neuron layers and re-training their link weights
with new information within the domain that the system
sought to learn. The other layers remain unaffected. As
compared to consistent training process, transfer learning
needs less dataset or information within the training data-
set. Primarily, lack of data or information and time needed
to train a CNN from scratch are the reasons for using
transfer learning (Szegedy et al. 2015). The decision of
which layer is needed to retrain depends on dataset.

GoogleNet

In the form of inception module has introduced a new level
of organization. Simultaneously, they have increased the
depth of the network. The computational cost of a deeper
network is compensated by the optimization in the network.
The small increase of computational requirements allows for
a significant quality gain. Particular implementation of the
inception architecture in the form of GoogleNet has won the
ILSVRC 2014 image recognition competition (Szegedy
et al. 2015). In this implementation, principle of NIN has
been applied. In which additional 1 x 1 convolutional lay-
ers are followed by the rectified linear activation. Overall,
GoogleNet consist of two convolutional, three pooling lay-
ers and nine Inception layers, where every inception layer
contains six convolutional and one pooling layer (Fig. 2).

To classify new images (on prostate cancer data), we
replaced last three layers with new layers to adapt new data
set because the convolutional layers of the network extract
image features that the last learnable layer and the final
classification layer used to classify the input image. Pre-
trained network are configured for 1000 classes and these
last three layers must be fine-tuned for the new classification
problem. These two layers, ‘loss 3-classifier’ and ‘output’ in
GoogLeNet, contain information on how to combine the
features that the network extracts into class probabilities, a
loss value, and predicted labels and we also replaced fully
connected layer with a new fully connected layer where the
number of outputs equal to the number of classes in the new
data set (two in our case). We replaced these layers as shown
in below Figs. 3 and 4.

Performance measures based on confusion
matrix parameters

The performance using ML classifiers to detect the prostate
cancer was measured on test data based on confusion
matrix by computing sensitivity, specificity, PPV, NPV and
Total Accuracy and confusion matrix is depicted in Fig. 5.
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Fig. 2 A simplified architecture of the CNN used in GoogleNet

Fig. 3 Last layers of the
GoogleNet before finetuning

R . - -

L4 inteﬁtion_sb-:’:ﬁ_reduce

: |

® inception_5b-relu_3x3_reduce
® inception_5b-3x3 ® inception_5b-5x5
] b |

®-inception_Sh-relu_3x3

“=e-fiception_Sa-output
-
®inception_5b-5x5_reduce

® inception_Sb-relu_5x5_reduce

~—e-fception Sb-output
Y

inception_Sb-relu_pool_proj

®.inception_Sb-relu_5x5
i

. pool5-7x7_s1

\

® pool5-drop_7x7_s1
1

® |oss3-classifier

. prob

|
® output

-—

inception_Sb-pool

inception_Sb-pool_proj

Pool2
Kernel size: 3
Stride: 2

Pad: 0

Inception 5b

~® inception_5b-1x1
\i

@ inception_Sb-relu_1x1

Sensitivity

The sensitivity measure is used to check the ratio of sub-
jects who test positive for the disease between those who
have the disease. Mathematically, it is expressed as:

TP

Sensitivity = TP—]——F']V (5)

i.e. the likelihood of positive test specified that patient has
disease.
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Specificity

Specificity measures the ratio of negatives that are properly
identified. Mathematically, it is expressed as:
N

Speciﬁcity = m (6)

i.e. likelihood of a negative test specified that patient is
well.
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Fig. 4 Last layers of the GoogleNet after finetuning
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Fig. 5 Confusion matrix for GoogleNet
Positive predictive value (PPV)

PPV is mathematically is expressed as:
TP

PPV = —
TP + FP

(7)
where TP represent that the test makes a positive estimate
and subject has a positive outcome under gold standard
while FP is the event that test make a positive forecast and
subject make a negative outcome.

Negative predictive value (NPV)

TN

NPV = ———
IN + FN

Total accuracy (TA)

The total accuracy is computed as:
TP + TN

TA =
TP + FP+ FN + TN

Receiver operating curve (ROC)

The ROC is plotted against the true positive rate (TPR) i.e.
sensitivity and false positive rate (FPR) i.e. specificity
values of prostate and brachytherapy subjects. The average
features values for brachytherapy subjects are classified as
1 and for prostate subjects are classified as 0. Then vector
was passed to ROC function, which plots each example
values against specificity and sensitivity values. To diag-
nose and visualize the performance of a model, ROC is one
of the standard way to measure the performance (Hajian-
Tilaki 2013). The TPR is plotted against y-axis and FPR is
plotted against x-axis. The area under the curve (AUC)
illustrate the part of a square unit. Its value falls among 0
and 1. AUC > 0.50 displays the separation. The higher
AUC represents the better diagnostic system. Accurate
positive cases divided by the sum of positive cases are
denoted by TPR, whereas negative cases predicted as
positive divided by the sum of negative cases are denoted
by FPR.
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Results and discussion

Performance of classification using deep learning pre-
trained network (GoogleNet) was evaluated using different
performance measures. In below Fig. 5, the first two
diagonal cells show the number and percentage of correct
classifications such as 60 cases of Brachytherapy are cor-
rectly classified. Brachytherapy samples are 30.9% of all
training samples. Similarly, 134 cases are correctly clas-
sified as prostate. This corresponds to 69.1% of all samples.
None of the sample is misclassified in both cases.

Out of 60 Brachytherapy predictions, 100% are correct.
Similarly, out of 134 predictions, 100% are correct.
Overall, 100% of the predictions are correct.

In this study, we have compared the results of machine
learning classifiers (such as Bayes, decision tree, SVM
Gaussian, SVM RBF, SVM polynomial by extracting and
employing combination of features texture + morpholog-
ical, EFDs + morphological outer performed as obtained
by Hussain et al. (2018a, b) with the deep learning method
(GoogleNet) using CNN approach. The highest perfor-
mance using combination of features i.e. texture 4+ mor-
phological and EFDs + morphological were obtained
using SVM Gaussian with as Sensitivity and TA (99.71%),
specificity (99.58%), PPV (99.71%), NPV (99.58%), and
AUC (1.00) followed by SVM Gaussian with tex-
ture + SIFT features i.e. sensitivity (98.83%), specificity
(97.99%), PPV (98.83%), NPV (98.83%), and AUC
(0.999). The GoogleNet using deep learning outer per-
formed with Sensitivity, specificity, PPV, and TA of 100%,
AUC of 1.00 as reflected in the below Fig. 6.

At initial iterations and epoch 1, the mini-batch and
validation accuracy was lower and increased with the
increase in iterations and epoch 2. The accuracy of few
selected iterations is reflected in the Fig. 7. At first iteration
the mini-batch accuracy of 50%, at 12 iteration it was 90%,
while a 100% at all other iterations. Similarly, validation
accuracy at iteration 1 was 82.99%, 6 (98.97%), 12
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S
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Fig. 6 Performance evaluation comparison of ML methods with
Deep Learning GoogleNet
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iterations
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Fig. 8 Loss at selected iterations using GoogleNet

(96.93%), 30 (100%), 40 (99.48%) and 45, 48, 84, 90
(100%).

This Fig. 8 reflect the mini-batch and validation loss
obtained using GoogleNet for selected iterations. As
reflected in the Figure that first epoch and iterations up to
18, there was higher loss as lower accuracy was obtained,
while second epoch and higher iterations the loss is mini-
mized by increasing the performance accuracy. The mini-
batch loss at iteration 1 was 0.7086, 6 (0.0210), 12
(0.1293), 18 (0.0504), 30 (0.0003), 45 (0.0002), 48
(0.0004), 54 and 90(0.000). Similarly, the validation loss
obtained at each iteration was 1(0.4206), 6 (0.1025), 12
(0.1130), 18 (0.0357), 30 (0.0069), 45 (0.0091), 48
(0.0095), 54 (0.0079), 84 (0.0025) and 90 (0.0030).

The ROC curves are drawn between true positive and
false positive rate of prediction of training dataset. The
combination of features such as texture + morphological
gives highest AUC of 1.00 using SVM Gaussian followed
by Bayes with AUC of 0.9469, SVM Polynomial with
AUC of 0.9934, SVM RBF with AUC of 0.9911 and
Decision Tree with AUC of 0.9731 as reflected in Fig. 9a
and b. The GoogleNet using transfer learning approach of
CNN gives AUC of 1.00 as reflected in Fig. 10.
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Fig. 10 Training progress of GoogleNet
Training progress of GoogleNet are shown above, net- Conclusion

work is trained in two epochs approximately in each iter-
ation increase in validation accuracy are observed.
Validation are done after each 3™ iteration, at first iteration
validation accuracy is 61% after that accuracy is increased
higher and in most of cases, the validation accuracy was
obtained as 100%.

In the present study, a Deep learning convolution neural
network (CNN) model was employed and performance was
compared with machine learning techniques to detect the
Prostate Cancer using Matlab version 2017b. A transfer
learning approach was used to train the cancer images
using GoogleNet from CNN. Multimodal features such as
texture, morphological, entropy, SIFT and EFDs are

@ Springer
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extracted from cancer imaging database and performance
was evaluated in terms of single and combination of fea-
tures using robust machine learning techniques. The
highest performance using machine learning techniques
was obtained using SVM Gaussian with combination of
features i.e. texture + morphological and EFDs 4 mor-
phological with sensitivity & total accuracy of 99.71% was
obtained followed by SVM Gaussian with texture + SIFT
features with sensitivity of 98.83% and AUC of 0.999. The
GoogleNet using Deep learning CNN approach outer per-
formed by obtaining specificity, sensitivity, PPV and TA of
100% and AUC of 1.00.
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