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CONVOLUTIONAL NEURAL NETWORK FOR PHOTOACOUSTIC
SEGMENTATION APPLIED IN HUMAN STUDY

Vu Thi Thu Ha

Department of Industry 4.0 Convergence Bionics Engineering, The Graduate School

Pukyong National University

ABSTRACT

Photoacoustic microscopy (PAM) is a hybrid modality of biological imaging (skin layers,
normal or damaged blood vessels, and tumors) technique based on the photoacoustic effect
generated by Lasers. To easily visualize and analyze the significant regions, now a day’s
segmentation techniques are used more frequently. This technique is directly associated with
the more accurate diagnosis of human diseases such as diabetes, dermatology, oncology, and
neurology. However, many studies using classical segmentation methods have encountered
several limitations in the segmentation of photoacoustic signals obtained from the targeted
tissues, mostly associated with noises, low image depth, and poor image resolution.

This thesis proposes an U?-Net neural network to segment each pixel in the PA image
individually. This method is based on the original B-scan dataset and label dataset for training,
followed by making predictions to generate segment regions. The study was performed on
human hands to segment blood vessels and skin layers, whereas mice models were used to
segment the tumor and healthy blood vessels. The following experimental results show that
the U?-net model could achieve a good PAI segmentation performance for all the experimental
(human hand) datasets, where the average pixel accuracy reached ~94%. Therefore, this
method could be a promising easy-to-process technique for PAM imaging with enhanced

quality for clinical-level photoacoustic imaging diagnosis application.
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CHAPTER 1: INTRODUCTION

Photoacoustic (PA) microscopy (PAM) is a hybrid modality of biological
imaging (skin layers, normal or damaged blood vessels, and tumors) technique based
on the photoacoustic effect generated through the photoacoustic effect [1]. It means
a short-pulsed laser (a few nanoseconds) is absorbed by biological tissues making an
ultrasonic emission phenomenon. PAM is known as a technique that detects
ultrasonic emission when cells within tissues absorb a short-pulsed laser, which is
called PA [1][2]. PAM provides high spatial resolution by using raster scanning of
PA [1][3]. In recent years, the fast scanning of PAM becomes more popular in
biomedical research. Especially, PAM has a good optical absorption contrast and high
(diffraction-limited) spatial resolution, which also has an important role in diagnosing
and studying diseases such as diabetes, dermatology, and neurology.

Besides the development of PAM, photoacoustic imaging (PAI) has particular
attention because of the advances in reconstructing images with high resolution in
deep tissue. In the PAI of humans, after using a laser for scanning the skin, the internal
tissue is hidden. Therefore, the segmentation of blood vessels and skin structure is an
important stage of subcutaneous microvasculature. Each B-scan image has complete
data on the skin and blood vessels [5]. However, manual identification is difficult and
takes a long time if the number of B-scan images is up to hundreds or thousands.
Many results of studies have proved that manual segmentation between blood and
skin is not effective [6][7]. Therefore, this thesis applies a method named deep
learning (DL) in skin and blood vessel segmentation.

Deep learning is a part of ML - machine learning, that is essentially a neural
network with multiple layers. Recently, DL was rapidly developing and widely
applied to image processing to get the higher-level features. DL approaches such as
convolutional neural networks also brought positive strides to medical image
processing in general, including PA images. Geert Litjens et al, had an analysis of the
application of Al, and DL in medical images [8]. With PA imaging, Yang et al, and
Deng et al, already summarize some DL methods and their applications in PA image
segmentation, PA image detection, and PA image reconstruction [9][10][11][12].

Here, we use a neural network (U?-net technique) that can simply segment each
pixel in the PA image individually. Our method will be based on the original B-scan
dataset and label dataset for training, then make predictions to segment blood vessels
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and skin. When testing the result of our model, we use only one dataset to compare
our method with the U-net method that Ly et al, used in their paper [2]. In addition,
Segnet network and PSPNet network also used to evaluate the accuracy of U?-net.
The method we proposed gives some outstanding results such as higher accuracy and
reducing training time, which is described in detail in the Result part.



CHAPTER 2: MATERIALS AND METHODS

1. Network architecture
1.1. Residual U-blocks
Unlike CNN architectures (ResNet or DenseNet, and so on), the size of
convolutional filters such as 3x3 or 1x1 is usually used in for feature extraction.
However, the output of the field of 1x1 or 3x3 filters is too small to capture global
information. To get high-resolution information from shallow layers, we need to
enlarge the receptive field. However, this solution needs too many memory resources.
Therefore, to solve the problem, a novel ReSidual U-block (RSU) is proposed
by Xuebin Qin et al. [13]. The structure of RSU is shown in Figure 1.

(H.W.C,) (HW.Coyr)

Figure 1. The structure of ReSidual U-block (RSU)
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With each RSU, a U-net structure is used likes an encoder-decoder. The structure
of RSU-L (Cin, M, Cou) where L is the number of layers in the encoder, Cin is input
channels, Coy is output channels, and M is the number of channels in the internal
layers of RSU. There are three main parts in RSU:

(1) H x W x Cix: an input convolution layer will be fitted with an intermediate map
F1(x) of Cout.

(2) a symmetric unit like a U-shaped structure with height L will take a map F1 as
input and then learn and extract and encode for U(F1(x)). When L is larger, the
pooling operations and the range of receptive fields are larger and richer local and
global features.

(3) the last connection for multi-scale features and fuses local features: F1(x) +
U(F1(x)).

¥, - _—_
A L Layer Weight L

P
F,(x) EQWLWUW Fi(x) RelU

A | oy |
|V Layer Weight |

H(x) = P;(Fl(\U X ] HRST_'(X) :U(FI(K)) U FJ(X)
Local , Original | ReLU Multi-scale | Tocal | RelU
Feature Feature Feature -~ Feature
(a) Residual block (b) Residual U-block (RSU)

Figure 2. The difference between the residual block and RSU

The original residual block: H(x) = Fa(F1(x)) + X
Here,

- H(x): the desired mapping of the input features x.
- F1, F2: the weight layers.
The residual U-block (RSU): HRSU(x) = U(F1(x)) + F1(x)
Here:

- U: the multi-layer U-structure.

- F1: the weight layers.




From each residual block of multiple scales, this network can extract many features.

1.2. U%-net

Many variations of U-net were developed for a while such as CU-Net [13] and
DocUNet [13]. Most networks will use the structures stacked U-block with n as the
number of U-block repeats. However, Uxn-net is a different formulation: instead of
using stacking n layer, it will use nested U-structure. That is the reason why it has
exponential notation. Theoretically, we can set n as an arbitrary positive integer. But
in real applications, when n is getting bigger, the network will get more complicated
and difficult.

U2-net means that n is set to 2. There are 11 stages of the U-structure in this
U2-net network. The illustration of U%-net architecture is shown in Figure 3. This
architecture including of three parts: 6 stages of the encoder layer, 5 stages of the
decoder layer, and a composite module.



i [e—]
Sup 1
Sup 2
Sup 3
Sup 4
Sup 5
Sup 6
Conv+BN+RELU  Downsample x1/2  Conv+BN+RELU  Conv+BN+RELU  Conv+BN+RELU Upsample x2
Conv+BN+RELU dilation=2 dilation=4 dilation=58 Conv+BN+RELU
4 i = & 2]
Downsample x1/2 Upsample x2 Conv+Sigmoid Concatenation Addition

Figure 3. The illustration of U2-Net architecture (Each stage consists of RSU)

Figure 4 to Figure 9 show the details of each Encoder, Decoder from 1 layer to 6 layer:






Figure 5. The architecture of Encoder_2



Figure 6. The architecture of Encoder_3






Figure 8. The architecture of Encoder_5
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Figure 9. The architecture of Encoder_6

Both encoder and decoder stages have the same structures. Encoder stages use the
residual U-block (RSU) (inner layer) [14]. From stage one to stage four, RSUs are applied to
increase large-scale information [13]. In the Encoder 5 and Encoder 6 stages, max pooling
and up-sampling are changed to the dilated convolutions. These two steps are important in the
case the receptive field is expanded and input feature maps stay the same. With the Decoder
5 stage, it is equal to Encoder 5 and Encoder 6 stages. The Decoder 5 stage is the combination
of up-sampled feature maps from its previous stage (Encoder 6) and those from its
symmetrical encoder stage (Encoder 5) [13]. This process is similar to other decoder stages
Decoder 4, Decoder 3, Decoder 2, and Decoder 1.

The final feature map is the fusion connected from the six-side output on the model
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body S®side, Sside, S*side, S%side, S%side, and S'side. After up sampling the input size, the
last output result is a combination of the input image and a concatenation operation [13].
In summary, the U?-net structure has a good architecture with outstanding features as well as

amemory architecture for a low cost [13]. In addition, U%-net is only using RSU blocks instead
of using pre-trained backbones, therefore it allows the algorithm to prune the unrelated

background volumes and make it easy to apply in different environments.

2. Preparing dataset

2.1. Experimental setup

We used an acoustic-resolution PAM system for this experiment as illustrated
in Figure 10. During all periods of experimenting, we were complying with The
Institutional Review Board of Pukyong National University. In the process of doing
the experiment, the hand of a volunteer is scanned by fast scanning of the PA probe.

Figure 10. Experimental setup
The scanning system used the 532 nm laser under the American National Standards
Institute standards safety limit (20 mJ/cm2 for 532 nm wavelength) [15]. The frequency 50

MHz of the Olympus transducer is used to receive the signal [2]. The sampling rate of the
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ultrasound signal was 200 MHz and was directly fed into A-scan (a time series data line).
Lastly, the LabVIEW internal software is used to control the motion of the transducer, turn

on/turn off the laser, and receive data.

2.2. Data preparation
The data that we get after experimenting including of 800 tdms files. Because we

will process on Two-dimensional image, therefore the format of the root data is
converted from tdms to png file for easy handling. We manually delineated the outer
boundaries for the blood with the ground truth dataset, which we developed in python.
To get the skin dataset, we use the original image and the manual label image through
the math on the 2D matrix.

This ground truth dataset is a grayscale image and is normalized to (0-1). The
training dataset preparation is divided into n classes corresponding to n input datasets.
Therefore, our dataset includes original data, vascular segmentation images, and skin
segmentation images. All images were resized into 512 x 512 pixels, then we used
data augmentation such as flipping, rotational transform, and lateral and vertical shift
to expand our dataset. The dataset was divided into the training set (70 images), the

validation set (30 images), and the testing set (10 images).
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Figure 11. Th sample of the dataset. (1) Original image; (A) Label of blood vessels;
(B) Label of skin layer; (C) Merger label of blood and skin

The details of the dataset shown in the pictures below:
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Figure 12. Image of the original B-scan image

16



Figure 13. Image of blood vessels labeled
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Figure 14. Image of skin layers labeled
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Figure 15. Image of the merger between blood vessels and skin layers labeled

3. Training and Testing
To measure the accuracy of the model, we use the method training set and
testing set. Training the model means creating the model while testing means testing
the accuracy of the model. We use 70% train dataset and 30% test data set with our
model. Here, we also used validation data because it provides the estimate of model
skill while tuning model’s hyperparameters, which training data cannot do it.

19



Full Dataset

l

l 1

Figure 16. Data set division

Because we do not have any pre-trained model, therefore we started training from
scratch. The hyperparameter settings of the U?-net model are the input image size
(512x512 pixels), batch size (4), learning rate (0.0001), and the number of epochs is
50. However, in real-time training, we got the overfitting problem. Overfitting is
Overfitting is a mistake that happened when a training function is too fit with data
points. Therefore, the model just gets high accuracy in its initial data set, with other
data sets it may not good enough.

v A v 4

> >

X X

Balance Overfitting

Figure 17. Sample of overfitting

To resolve the overfitting problem, we use the early stopping technique. Early
stopping means that we set the number of epochs as a and if the loss does not decrease

20



in a epochs, the training will stop. All the processes are implemented with PyTorch
[16]. The training model requires 45 minutes on the computer Intel Core i7-6700,
RAM (Random Access Memory) 8GB, and NVIDIA 1060 with 32 GB memory.

4. Loss and Evaluation methods

The loss function defines an important method that is used to determine the error
between the output of the algorithm and the given target value. It plays what a good
prediction is and isn’t. In this paper, we focus on a common loss function named Dice
Loss. Dice loss is proposed by Milletari in 2016, which is a measure of overlap used
to evaluate segmentation performance when having the ground truth.
z"‘r1¥=1(19n7”n'i'6) _271¥=1(1_pn)(1_rn)+6
N (Dptrpte) N (2-pp—rpte)

Diceloss=1 "~

1)

Here, r is the reference foreground segmentation (gold standard) with voxel
values ry; p is the predicted probabilistic map for the foreground label over N image
elements pn; and ¢ is used here to ensure the stability and avoids the emptiness of r
and p.

The segmentation challenge is evaluated through parameters, which are defined
in formulas below. First is the average accuracy is defined as follows:

25:0(Pii)

Accuracy (%)= Tk k-~
Z{0Zf=0(Pij)

)

Here, k are types of classification, i and j are different classification; p; indicates
correctly classified pixels in the image; and pjj represents misclassified pixels in the

image.
T;
loU = —F— 3)
Tp+Fp+Fy
T
Precision = £ 4)
Tp+Fp
Recall = (5)
Tp+Fy
_ 2Tp
Fl-score = — (6)
2Tp+Fp+Fy
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Ground Truth
FN ™

FP

Prediction

Figure 18. Intersection over Union (loU)

Here, TP is true positive samples that is the overlap between target mask and the
prediction output; TN is true negative samples in which the model predicted the
negative class correctly in the output; FP is false positive samples and indicates the
actual result should be false, but the predictive result is true; FN is false negative and
indicates the actual result should be true, but the predictive result is false.
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CHAPTER 3: RESULT

1. Model architecture result

The segmentation performance of the U?-net model is show below.
A U-2net Loss

0.07
——train ——validation

0.06

0.05

Loss

0.04

0.03

0.02

0.01

0 10 20 30 40 30

Figure 19. U?-net Loss

B U-2net Accurac
0.95 L

0.9

0.85

Dice

0.8

0.75

0.7

——train ——validation
0.65
0 10 20 30 40 50

Figure 20. U2-net Accuracy
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Observing the U?-net model proposed in this thesis, it is superior to the other
models in stability and convergence speed. Loss can be fast and stable in the early
training period, with a very small fluctuation range and quite good robustness. The
visualization of Figure 20 and Figure 21 shows the training model result. With 50
epochs, the Loss of the training process reaches 0.0131 while the Loss of the
validation process is 0.189. The average accuracy of the training process is
0.9349~0.94% while the average accuracy of the validation process is 0.9242.

To assess the segmentation quality results, we also build a U-net model following
the research of Ly [2], SegNet model [21], and PSPNet model [22]. Then we trained
and tested with the same PAM dataset. Table 1 shows the experimental results
between our model and other models on PAM dataset. As the most effective and
popular models for segmentation purposes, the training and validation accuracy of
U?-net is 94% while U-net, SegNet, and PSPNet are 88%, 62%, and 51%, respectively.
Moreover, the training time of U?-net is better (requirement of 280 minutes for 50
epochs while U-net, SegNet, PSPNet needs 320 minutes, 270 minutes, and 295
minutes, respectively). U2-net also outperforms other networks in metrics such as loU,
Recall, and F1-score (as show in Table 1).

Table 1. The experimental result on the testing dataset

UZ-net U-net SegNet PSPNet
Average Accuracy (%) 94 88 62 51
IoU 64.8 61.1 48 43
Recall 82.5 76.8 57 35
Fl-score 78.9 75.6 50 47
Training time (min) 280 320 270 2905

As seen in Table 1, with all indicators, the U?-net approach is better than U-net,
SegNet, and PSPNet models. It can prove that U2-net network has certain advantages
in the segmentation of blood vessels and skin layers in PAM images.

Figure 21 shows the predicted result of four models on the B-scan dataset.
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Figure 21. Visual comparison of different segmentation models on our B-scan

dataset

The 1st image is our original B-scan image. Image A shows the result for U-net
model. Images B, C, and D show the predicted images of U-net, SegNet, and PSPNet
models, respectively. As seen, U2-net model is suitable for the segmentation of blood
vessels and skin layers while other models misinterpret the blood margins and skin
boundaries.

Here, the detail of the original image and predicted images of models are shown:
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Figure 22. Original B-scan image
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Figure 23. Predicted image of U?-net model
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Figure 24. Predicted image of U-net model
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Figure 25. Predicted image of SegNet model
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Figure 26. Predicted image of PSPNet model

2. A framework for visualization B-scan images
In recent years, much research has been developed to improve the quality of PAM

images such as imaging speed, imaging reconstruction, or imaging segmentation [20].
We also want to support researchers who have a deep understanding of animal and
human anatomy in vivo to easy visualization B-scan images between skin and blood

vessel. Therefore, we developed a framework for processing and visualization B-scan
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images of PAM data. Our software was built on QT5 and ran on Linux operating
systems. Python programming languages are chosen because it’s easy to use and

supports strong libraries.

Menu

Figure 27. GUI of the framework for visualization B-scan images prediction

The user interacts with the framework through Graphical User Interfaces (GUI).
It is understood that software includes graphical controls that the user can use a
keyboard or mouse to handle. The software can open multiple data files through the
“Open” visual icon. Then click on the button “Predict”, the software will
automatically call the model, which we already trained. The corresponding predict
feature will be processed then shown the predicted image on the other display frame.

We believe our software is a valuable framework for researchers, promoting
development in a wide range of studies. The framework was incorporated into the QT
creator with an impressively user-friendly interface and fast data processing. It helps
researchers have a better overview of the prediction between blood and skin.
Furthermore, our products have some advantages like it is completely free, and easy

to install and use. We hope our framework will become more popular for researchers
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in the near future.

3. 3D Framework for photoacoustic image rendering
Because PAM has become an interesting framework that can support researchers

who have a deep understanding of animal and human anatomy in vivo. Therefore,
much research has been developed to improve the quality of PAM images such as
imaging speed, imaging reconstruction, or imaging segmentation. However, almost
all results are viewed by 2D computer graphics. With 3D PAM images, researchers
need to use several frameworks that support the visualization of the illusion of depth
in an image. A few companies build software for processing and rendering data for
3D images, such as Amira (Thermo Fisher Scientific, United States of America) and
3D Slicer (Free and open-source software package). Researchers usually have paid a
usage fee when using these frameworks or some software features are limited in the
case it is free. Therefore, we developed a 3D framework for processing and
visualization of PAM data. Our software was built on QT creator, a cross-platform
integrated development environment, and ran on Windows, Linux, and macQOS
desktop operating systems. This software includes applications: processing data and
visualization, rotational the acquired image, zoom in/out, image capture, and frame
recording. We hope this software will be known and used by more researchers,

especially in medical image processing.

32



Ohlabs PAM 30 Viewer

(O] Image files

B [mage capture

o

o »

S

&h

=

o

[

o

=1

[

a1

ﬁ Video files
Frame recording
i B
Rotati z
otation oom AVI

-~ )
-
Figure 28. The user interface of the 3D framework applications

The data that we use is the same as shown on 2.2 Data preparation. After
scanning, the data will be in the form of the .tdms format. We processed the data to
convert it to .nrrd format before doing visualization. This processing uses the
segmentation algorithm to clearly distinguish the classes in the data (with our data
segmentation for the blood vessel and skin).

The user interacts with the 3D rendering engine through the Graphical User
Interfaces (GUI). It is understood that software includes graphical controls that the
user can use a keyboard or mouse to handle. The interface of the program encloses a
menu bar, windows, and applications buttons. Users interact with software through
manipulating by visual icon, and then the corresponding features will be displayed.

The applications are presented below, acting as a guideline for the user in 3d
visualization and 3D rending for photoacoustic microscopy images:

- Processing data: The software can open and rendering multiple data files at
the same time. Users can also customize the display for each different data such as
opacity and color.

- Zoom: The user clicks on the icon Zoom on the menu bar, the window can
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zoom infout. When zooming, it is necessary that context can be retained.

- Rotation: It provides a precise way to rotate the 3D view. Users can use the
mouse to rotate the image in the direction which they want to view. Especially,
rotation direction and rotation direction are unlimited.

- Image Capture: The software can take a screenshot with the press of a key.
The user can choose the path to save the image and the supported format image is .png.
The screen captures are automatically named and timestamped.

- Frame Recording: The framework can record high-quality videos through
modern algorithms, which allow us to record any time with one click mouse.
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Figure 29. GUI of the framework for visualization of 3D photoacoustic image
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The trend of visualization data is getting developed rapidly in the photoacoustic
microscopy image field. Recently, there are many new algorithms to improve the
quality of visualization software. Therefore, many new techniques have been applied
in our 3D software to enhance the visualization of PAM images. We believe our
software is a valuable framework for researchers, promoting development in a wide
range of studies. The framework was incorporated into the QT creator with an
impressively user-friendly interface and fast data processing. it helps researchers have
a better overview of the 3D data, especially photoacoustic data [1]. Furthermore, our
products have some advantages like it is completely free, easy to install and use, many
applications are integrated for PA imaging. To improve the quality of 3D Viewer
framework, we plan to add new features such as saving images captured with more
formats (jpg or bmp), developing medical image format (dicom), and customized
color for each color channel.
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CHAPTER 4: DISCUSSION

In this thesis, a systematic analysis of semantic segmentation of photoacoustic
images using U%-net, U-net, SegNet, and PSPNet has been performed. We anticipated
that U2-net could better reconstruct high-frequency information than other networks
because U?-net structure only uses RSU blocks. As expected, we could see the more
detailed structures in the U2-net -PA images than in another model. As the result, U?-
net achieves good results which segmentation well in blood vessels, skin, and
background.

However, there are several restrictions in our algorithms. Firstly, the number of
datasets in our research is still limited although it is still enough for the training of the
network. Moreover, in the process of collecting data, we need to focus more on PAM
imaging systems such as scanning methods, optical wavelength, and ultrasonic
frequency. In the next stage, we will do more experiments to get more data types such
as scanning on the human foot or on the body animal. Secondly, in our progress, we
process the raw data immediately after scanning without reducing the noise of the
signal. In fact, there is much research that has applied filter techniques to get a better
signal. if the original signal is not good enough, the image quality is also not good.
Hence, signal processing needs to be considered in the future study. Thirdly, at
present, we prepare datasets by manual technique. it means that the label image for
the training model is done by a human. Moving forward, when the number of datasets
is increasing, it may take much time to ground the truth image. Finally, to be suitable
with network architecture, our method needs to resize the input image for the training
process. It will affect the quality of the input photoacoustic imaging in the training
process. In the future study, we will try to find and apply some algorithms to solve

this problem.
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CHAPTER 5: CONCLUSION

In conclusion, this thesis applied a deep learning method for automated semantic
segmentation of blood vessels and skin layers in PAM images. U?-net architecture
demonstrated the best performance compared to other networks such as U-net,
SegNet, PSPNet (as described in Table 1). The results showed that this method brings
the better accurate in determining blood, skin, and background (average accuracy
reaches 94%). Through the experimental results, this method could be an easy-to-
process technique for PAM imaging with enhanced quality for clinical-level
photoacoustic imaging diagnosis application. In the future, to improve the accuracy
of U?-net model, we will extend the dataset with diverse data types. In addition, we
are looking for new research topics such as improvements in the image quality of
other modalities of the PAM imaging (lipids, tumor cells, oxygen saturation,
melanoma, and organs). The purposed image segmentation techniques could help an
important role in diagnosing and studying diseases in humans such as diabetes,
dermatology, and neurology. Lastly, our research on reproducing and enhancing the
image quality of PAM images on animals is also planned such as segmentation of the
tumor and healthy blood in mice.
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