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Glioblastoma!(GBM)!is!an!especially!aggressive!
tumor!that!accounts!for!over!50%!of!brain!=ssue!
tumor!cases.!!!To!be@er!understand!GBM's,!we!must!
first!have!easy!access!to!their!image!data!within!MR!
scans,!and!this!necessitates!segmenta=on!of!the!GBM!
region!from!the!surrounding!brain.!Be@er!yet,!the!
GBM!can!also!be!classified!into!four!subGcategories:
*+necrosis
*+edema
*+non*enhancing
*+enhancing.

Automa=c!Segmenta=on,!if!proven!effec=ve,!will!save!
a!lot!of!human!=me!in!the!segmenta=on!step!of!GBM!
image!processing,!which!will!allow!for!highly!efficient!
quan=ta=ve!feature!mining!of!these!images.!!Goals:
G!Find!a!feature!space!right!for!the!data.
G!Find!the!op=mal!ML!algorithm!to!learn!the!data.
G!Automa=cally!detect!and!segment!GBM.

Data

Goals

2015+MICCAI+BRATS+(Brain+Tumor+SegmentaBon):
G!220!High!Grade!Glioblastoma!(HGG)
G!54!Low!Grade!Glioblastoma!(LGG).
MR+ModaliBes:
[FLAIR,!!!!!!!!!!!!!!!!!!!!T1!PREGContrast;
!T2!Weighted,!!!!!!!T1!POSTGContrast]
Pre*processed:!SkullGStripped,!Registra=on,!Scale!
Normaliza=on

Overview Methodology

Data!Problem:!Each!pa=ent!has!
millions!of!voxels!of!informa=on!but!
only!a!few!hundred!pa=ents.
Consider!voxels!Independently!to!
increase!n.!!(Bias!↑!Variance!↓)!

X!(∈�²⁷⁴$×$⁽'()*+,-.⁾)!→!y!(∈{0,1}²⁷⁴$×$'())
X!(∈�⁽²⁷⁴*'()⁾$×$+,-.)!→!y!(∈{0,1}²⁷⁴*'())

Difference of Gaussian

Convolu=on!with!filters!to!get!features.

[f∗g](t)!=!∫₀
jd"#f(")#g(t#)#")

Even!though!we!consider!each!voxel!
completely!independently,!we!s=ll!
couple!environmental!informa=on.

Convolution

Feature Space

Neural Network
- 72 Input
- Binary Output
- 2 Hidden Layer
- 10 Neurons Ea.
- 4 Nets for Each
   Subregion

Robustness
- Rotationally Invariant
- Easy to Calculate
- Proven Scale Space
   Exploration Efficiency

Results
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Segmentation	of	Ultrasound	Images	using	Convolutional	Neural	Network	
with	Noisy	Activation	Functions

You	Li
Motivations	and	Aims
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Methods Discussions

Results References

Indwelling catheters
can be used to replace
narcotics to mitigate pain
in patients after surgery.
The catheter is typically
inserted into the neck of
the patients at the pain source.

The catheter needs to avoid nerves in the
necks. To visualize the neck structures,
ultrasound images are typically used.
However, in these images, the nerves are
hard to identify. Therefore, we aim to detect
and segment nerve structures using CNNs.Segmentation of Medical Ultrasound Images Using

Convolutional Neural Networks with Noisy Activating Functions
You Leo Li
SUNet ID: leoyouli

Medical ultrasound images suffer from intrinsic multiplicative speckle
noise, which limits their signal-to-noise ratio (SNR) and superimpose ran-
dom textures onto the ideal images. Due to this noise, the attempts to seg-
ment medical ultrasound images have been less successful than the attempts
to segment images from other medical imaging modalities, including CT
and MRI. In this project, we attempt to segment medical ultrasound images
with convolutional neural networks (CNNs). In addition, we attempt to ap-
ply a group of noisy activation functions which have recently been demon-
strated to improve the performance of neural networks. As a preliminary
milestone report, we report on the segmentation results using a U-net-like
CNN with noisy rectified linear unit (NReLU) function on a small data set.
Comparisons were made among the results obtained using NReLU func-
tions with different parameter, as well as results obtained with the rectified
linear unit (ReLU) function. In the next stage, more CNN structures and
different noisy activation functions (e.g., noisy sigmoid function, noisy tanh
function, and noisy shifted ReLU function) are to be explored on a larger
data set.

1. INTRODUCTION
Medical ultrasound imaging is one of the mostly widely used medi-
cal imaging modalities. Compared with other modalities, including
CT, MRI, and PET, ultrasound imaging has the lowest cost and
is non-radioactive. However, the analysis of medical ultrasound
images is more challenging than the analysis of images acquired
with other modalities due to a few reasons. Firstly, ultrasound im-
ages are affected by speckle, which is an intrinsic noise associated
with ultrasound imaging. Speckle gives ultrasound images a granu-
lar texture, limiting the ideal image SNR to be merely 1.91, and
reduces image contrast as well as perceived resolution. In addi-
tion, compared to CT and MRI, the data collected by ultrasound
scanners usually represents two-dimensional (2D) cross-sections
of anatomy, rather than 3D. Therefore, the information of ultra-
sound image data is limited. Also, due to the nature of ultrasound
scans, ultrasound images are patient-specific, operator-dependent,
and machine specific.

These challenges limit the analysis of ultrasound images by both
ultrasound radiologists and computers. Ultrasound radiologists are
required to take approximately 4 years of post-medical-school
training, which is a time consuming process. Computer aided anal-
ysis programs of ultrasound images are still lacking. Compared to
CT and MRI images, one additional challenging for developing ma-
chine learning based program for the analysis of medical ultrasound
images is the relatively lack of data that are annotated or analyzed
by radiologists. One advantage of ultrasound imaging is that it is
easier to acquire real-time video data on ultrasound imaging de-
vices than on MRI or PET. However, due to the limit of the avail-
able data set, this characteristic was not utilized in this project.

The project aims at developing a machine learning algorithm to
segment medical ultrasound images. A convolutional neural net-

Fig. 1. Example of the medical ultrasound image to be segmented.

Fig. 2. Segmentation of Fig. 1 by a trained human volunteer. The Brachial
Plexus (i.e., region of interest) is labeled in white and the rest is shown in
black.

work termed U-Net has been demonstrated to have good perfor-
mance in a few medical image segmentation applications, including
light microscopy, MRI, and CT. In addition, recently, noisy activa-
tion function have been shown in natural language processing tasks
to improve the convergence speed and final performance of neu-
ral networks. In this project, we intend to explore the possibility of
using noisy activation function in CNNs (e.g., U-Net) to segment
medical ultrasound images.

2. DATA SOURCE
One public data set is from one of the Kaggle challenges enti-
tled Ultrasound Nerve Segmentation. The data can be found at:
https://www.kaggle.com/c/ultrasound-nerve-segmentation/data

It contains ultrasound images acquired on human necks, and the
aim is to segment a collection of nerves called the Brachial Plexus

, Vol. , No. , Article , Publication date: .
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Inherent challenges
• Speckle	noise
• Low	SNR:	1.91
• Lower	image	

quality	than	
CT/MRI

• Only	2D	images,	
no	volume	data

Challenges	related	to	
the	data	set
• No	obvious	

structural	feature
• False	

positive/negative	
reference	reported

• Reduced	data	size

Data
Kaggle Challenge	2016:
Ultrasound	Nerve	
Segmentation
• 5635	images
• Contains	nerves	

called	
the	Brachial	Plexus	(BP)

• Human	segmentation														results	by	
volunteers
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Fig. 3. The architecture of U-Net. This figure is reproduced from [Ron-
neberger et al. 2015]. Each blue box in this figure represents a multi-channel
feature map. The data pass through the horizontal lines simultaneously. The
deep blue arrows represents activation functions. Originally, ReLU were
used. In this study, noisy activation functions were used to replace them. In
addition, the inception blocks were used to replace the original blocks of
U-Net.

(BP). The data set contains a training set that has been segmented
by trained volunteers, and a test set. One example of the original
image is shown in Fig. 1, and its segmentation by a human vol-
unteer is shown in Fig. 1. As shown by the example, the region of
interest (ROI) does not have a clear boundary against surroundings,
and most of the image is covered by similar texture. In addition, as
described by the Kaggle challenge, human mislabeling are to be ex-
pected as well. Previous challengers reported obvious mistakes by
volunteers that segmented the images. For example, the segmenta-
tion of two consecutive frames of a video can be abruptly different.
These factors contribute to the challenge of the task.

This is the only large and publicly available ultrasound image
data set we could find that has been annotated and is allowed to
be used. Unfortunately, the Kaggle challenge has already ended,
and the ground-truth segmentation for the test set is not released.
Therefore, a new training set and a new test set have to be produced
by splitting the original training set. This reduces the size of the
training set.

The original training set contains 5635 images. Because of the
split, and in order to reduce the training time to generate prelimi-
nary results for the milestone report, a training set of 1127 (20% of
all data) and a test set of 1127 (20% of all data) were used. Note that
some of the data do not have the target BP, and thus have all-zero
segmentation masks.

3. EVALUATION METRICS OF SEGMENTATION
RESULTS

The Dice coefficient is used as the metrics of the segmentation qual-
ity. It has been extensively used in the evaluation of medical image
segmentation and it is also specified by the Kaggle challenge. It is
defined as [Zhang et al. 2015]

2 · |X \ Y |
|X|+ |Y | , (1)

in which, |X| and |Y | represent the numbers of positive elements
in the segmentation masks generated by the code and from the hu-
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Fig. 4. The noisy tanh function, as well as tanh function and hard tanh
functions.

man volunteer, respectively. |X \ Y | is the number of the shared
positively elements in X and Y .

4. METHODS
A CNN with structure similar to the U-Net [Ronneberger et al.
2015] is utilized as the starting point of the project. The architecture
of the U-Net is illustrated in Fig. 2. This figure is reproduced from
[Ronneberger et al. 2015]. Each blue box in this figure represents
a multi-channel feature map. The data pass through the horizontal
lines simultaneously. The deep blue arrows represents activation
functions. Originally, ReLU were used. In the current study, noisy
activation functions were used to replace them. The implementation
was based on a publicly available modification [Tyantov 2016]. us-
ing Theano and Keras. The package is used as a starting point of
the project, because it provides the preprocessing code to read data
and the evaluation of the results using the Dice coefficients. In this
implementation, batch normalization, Inception block, and the use
of Dice coefficient loss function were used. Modifications on the
model (e.g., using ResNet or VGG) will be explored in the next
stage of the project.

In order to study the impact of noisy activation function [Gul-
cehre et al. 2016] on the training and performance of the CNN,
noisy activation functions were added to the implementation using
zero-mean Gaussian noise. Noisy sigmoid, noisy tanh, and noisy
ReLU functions have been added.

The details of noisy activation functions can be found in [Gul-
cehre et al. 2016]. In this report, we only present a summary that
is relevant to the implementation of the project. The noisy activa-
tion functions were produced by two steps: 1) clipping the origi-
nal activation function (e.g. tanh function) to be a piecewise lin-
ear function using first-order Talor series expansion (termed hard
functions), and 2) adding noise to the saturated zone of the activa-
tion functions, where the first order derivative is 0 [Gulcehre et al.
2016]. As an example, Fig. 4 shows a comparison of tanh, hard
tanh, and noisy tanh functions. The tanh function is clipped into a
hard tanh function with the following form:

max(min(tanh(x), 1)� 1). (2)

Noisy tanh function is obtained by adding noisy to the saturated
part of the hard tanh function

2 • Y.L. Li
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and the evaluation of the results using the Dice coefficients. In this
implementation, batch normalization, Inception block, and the use
of Dice coefficient loss function were used. Modifications on the
model (e.g., using ResNet or VGG) will be explored in the next
stage of the project.

In order to study the impact of noisy activation function [Gul-
cehre et al. 2016] on the training and performance of the CNN,
noisy activation functions were added to the implementation using
zero-mean Gaussian noise. Noisy sigmoid, noisy tanh, and noisy
ReLU functions have been added.

The details of noisy activation functions can be found in [Gul-
cehre et al. 2016]. In this report, we only present a summary that
is relevant to the implementation of the project. The noisy activa-
tion functions were produced by two steps: 1) clipping the origi-
nal activation function (e.g. tanh function) to be a piecewise lin-
ear function using first-order Talor series expansion (termed hard
functions), and 2) adding noise to the saturated zone of the activa-
tion functions, where the first order derivative is 0 [Gulcehre et al.
2016]. As an example, Fig. 4 shows a comparison of tanh, hard
tanh, and noisy tanh functions. The tanh function is clipped into a
hard tanh function with the following form:

max(min(tanh(x), 1)� 1). (2)

Noisy tanh function is obtained by adding noisy to the saturated
part of the hard tanh function
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