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Abstract— Image registration plays a crucial role in biomedical 
imaging, especially in image-guided surgery. Obtaining real-time 
images with an Ultrasound Imaging System (US) makes it possible 
to register them with magnetic resonance (MR) or computed 
tomography (CT) images and increase the accuracy of image-
guided surgery. Differences in the resolution and intensity of these 
images motivated us to register ultrasound images with each other. 
Ultrasound images suffer from low contrast and resolution in 
comparison to other image modalities such as MR. By 
acknowledging the fact that the transformation matrix is the 
building block of the registration concept. Also, given the success 
of deep learning in classification, we choose to apply it to identify 
the angle difference and rotation matrix of three consecutive 
ultrasound images. This paper attempts to find the Euler angles 
and rotation matrix of three consecutive ultrasound images by 
applying a deep learning method. At the end of the study, we attain 
promising results when our learning rate is 0.00002 and the scaling 
factor is 64 × 32. Furthermore, the comparison of positive and 
negative angles demonstrates that the overall network performs 
better in predicting positive angles. 

Keywords—ultrasound imaging; deep learning; image 
registration; Euler angle; rotation matrix;  

I.  INTRODUCTION  
The pros of ultrasound imaging systems (US), such as 

providing real-time images and portability, make it possible to 
use them in image-guided surgery and radiation therapy. By 
registering them with MR and CT images, we can increase 
surgery or therapy accuracy and avoid injuring healthy 
structures and tissues. In addition to these advantages, US 
imaging systems are non-invasive and free of ionizing radiation. 
These benefits lead researchers to attempt to register ultrasound 
images together with MR and CT images.  

In the image registration process, we have both fixed and 
moving images. The transformation matrix aims to align the 
moving image to the coordinates of the fixed one. Feature 
extraction and similarity metrics must be done to obtain the 
matrix. This alignment process is done iteratively until satisfying 
results have been achieved. However, when trying to register 
two US images with each other, their lack of contrast and 
intensity restricted our use of these iterative methods. 

In contrast, achieving superior image classification results 
with deep learning guided us to use it in the registration concept. 

As well as classification, in the last few years, some research 
results related to image registration has been published with 
satisfying results using deep learning. However, most of them 
attempt to register image modalities with high contrast, such as 
MR and CT. For this reason, our aims in this paper are to 
estimate Euler angles and, consequently, the transformation 
matrix, which is a building block of image registration between 
consecutive ultrasound images. The paper’s remainder is 
organized in the following manner: In section II, we investigate 
related works. Section III includes our methodology. Sections 
IV and V include the results and conclusions, respectively. 

II. RELATED WORKS 
 In a study [1], authors attempt to register MR and CT images 
and propose a new unsupervised deep learning network for 
estimating rotation and transformation. They compute the 
image’s displacement vector. This study’s superiority is coming 
from simultaneous parameter optimization both for estimating 
transformation matrix and network parameters. Furthermore, 
the authors propose two separate channels for training fixed and 
moved images. Another study [2] concerns an application of U-
Net. It aims to register MR and US images. The network 
includes three main parts: a global net, a local net, and a Label-
driven part. Segmentation is done by applying the label-driven 
part. Then the images are passed into the global network and 
computed by 12 degrees of freedom, affine matrix, and at last 
by passing these results to the local net. At this point, the 
displacement vector is computed. 

 In [3], the authors attempt to register ultrasound images 
using a network proposed in [4]. This network compares 
ultrasound image patches and tries to register them. But a 
problem with this study is its application of CT images as the 
ground truth.  The authors of [5] aim to attain the panoramic 
reconstruction of ultrasound images. The authors attempt to 
overcome obstacles by dividing the reconstruction into three 
stages: First, they define a stable region. Second, they locate a 
matching point in that region. Lastly, they learn how to match 
these points. As mentioned in their paper, they utilize a single-
shot multi-box detector (SSD) network to estimate the region 
and apply a Siamese network to find matches between the 
obtained regions. In [6], which proposes a method based on 
regression, the authors mention two issues related to the 
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iterative methods. These issues are slow in computation and 
small capture of range. They undertake to overcome these 
challenges by applying regression CNN to the X-ray images 
and directly estimate transformation parameters.    

III. METHOD AND MATERIALS 
As mentioned previously, we aim to submit US images taken 

from different angles to a deep learning network as input and 
then to estimate the Euler angles and transformation matrix 
between them. US images from [7] that are open-access are used 
for this purpose. We assume that we have three consecutive US 
images with Euler angles of −𝜃𝜃°, 0°, and +𝜃𝜃° according to the 
z-axis, respectively. Since rotation value is not discernible, 
translation values are omitted. Fig.1 shows the exaggerated form 
of the angle differences between the three consecutive 
ultrasound images [8]. Also, we inferred that the images are two 
dimensional. The image with 0° is located in the center of the 
coordinate system. The other images have clockwise and 
counterclockwise (positive and negative) rotation values 
according to the coordinate system in Fig.2. To attain the Euler 
angles, we utilized two critical concepts: calibration and network 
architecture. 

A. Calibration 
Considering that the displayed object is three-dimensional 

and the images are two-dimensional, we conclude that the 
coordinates are different. Therefore, we need calibration, which 
conveys the two coordinates and includes their transformation 
values. It is required to define the transformation matrix to 
overcome this issue. This kind of matrix should have the 
following properties: rotation, translation value, and scaling and 
offset value of images. This transformation matrix should be 
defined because the displayed organ and obtained images have 
not the same coordinates. We are capable of defining the matrix 
with the features mentioned, as shown below (Eq.1). 
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 The right side of Eq.1 indicates the transformation matrix 
(rotation + translation), scaling matrix, and probe coordinates in 
the real world (X, Y, Z), respectively. The left side shows the 
image coordinates (u, v). In the transformation matrix, 𝑟𝑟��, 𝑡𝑡� 

indicate rotation and translation values and in the scaling matrix, 
𝑆𝑆�,�  and 𝐶𝐶�,�  indicate scaling and offset values, respectively, 
across the x- and y-axes [9-11]. Notably, the scaling and offset 
values vary with the characters of each ultrasound and probe. 
We employ this matrix in conjunction with images during the 
network training phase. 

B. Network Architecture 
Mastery of deep neural networks in classification has been 

demonstrated in different studies. However, unlike 
classification, in position estimation and registration concept, it 
is necessary to determine the location by pixel. It is also crucial 
to find a match between these pixels [12-14]. In addition to 
learning the image features, the network should learn how to 
combine them from two images and different positions [13]. 
Therefore, the structure of the network used is different from 
the conventional network structure used in classification. Yet as 
mentioned in [1, 15-17], there are some similarities between 
optic flow and image registration concepts, which lets us 
employ the network architecture proposed in [12]. The 
proposed network consists of two interconnected encoder and 
decoder sections (Fig.3). This network works in an end-to-end 
manner, which means that providing images and their rotation 
information as input to the network determines how to operate 
based on the given information and extract Euler angles [13]. 
During training, these two sections work as a whole with the 
help of backpropagation. In the encoder section, three images 
are stacked in the same place and are defined as the input to the 
network [12, 14]. An integral part of the decoder section is the 
transposed convolution and convolution layers. Thus, the 
extracted feature maps and motion information can match 
between the encoder and decoder sections. Our network’s 
difference is that we use one layer more than those used in [12]. 
In the encoding part, the network’s first layer has a kernel of 7, 
the second and third layers have kernels of 5, and the remaining 
four layers have kernels of 3. In the decoding part, all layers 
have kernels of 3. The first layer in the encoding part has 256 
output channels. This value is reduced by a factor of 2 in other 
layers. The reverse of this concept is applied to the decoder part. 
In all layers except the last one, RELU and batch normalization 
have been utilized.   

IV. TRAINING AND RESULTS 
 As mentioned previously, we employ ultrasound data from 
[7], which is an open-access database. The collection includes 
770 US images in total. Since there is no US image in the format 
suitable for our purpose, each image has been synthetically 
rotated according to the z-axis (𝜃𝜃 = ±1°, ±3, ±5°) and stacked  

 
Fig. 1. Exaggerated prob position for obtaining ultrasound images from 
           different angles [8].  

 
Fig. 2. ultrasound images with -5°,0° and 5° differences. 



65

19-20 Kasım 2020
ONLINE

in the same folder. Therefore, we have 770 folders, each of 
which contains three US images with −𝜃𝜃°, 0°, and +𝜃𝜃°, 
respectively. From these 770 folders, 740 of them have been 
used for training purposes, and the remainder has been 
employed for testing. In other words, in total we have 2310 US 
images which 2220 of them used during training and 90 for test. 
Adam optimizer with 𝛽𝛽� = 0.9 and 𝛽𝛽� = 0.999 have been used 
during the training [18]. Training has been executed at two 
learning rates (LR=0.0002 & 0.00002). Since our data set is not 
large enough, for tackling with overfitting issue, 𝐿𝐿� 
regularization has been used. As mentioned in [19], one 
characteristic of  𝐿𝐿� is sparsening weight vectors during the 
optimization.   

 Acknowledging that US images taken with different probes 
and ultrasound machines could have different sizes leads us to 
define the scaling factor. Our aim in defining the scaling factor 
is to ensure that all images are the same size during the training 
regardless of the input image size. However, the input images 
are of different sizes. Therefore, defining a constant value as a 
scaling factor does not lead us to the desired outcome. Hence, 
to overcome this issue, we approach it inversely. First, we 
define a constant image size, for instance, 128×64. Then we are 
capable of obtaining a scaling factor for each image. All of these 
scaling factors (SF) differ from each other. After applying the 
obtained values to the relevant images, we can attain the same 
size images during training. Since these scaling factors (SF) are 
diverse and for the sake of simplicity, in the remainder of the 
paper, we refer to 128×64 values as the scaling factor (SF). We 
also carry out training with two different values for it (SF= 
128×64 & 64×32). 

 We execute our training in two different stages. We assume 
that all the 740 folders' images have the same rotation value in 
the first phase and train them with the LR, as mentioned above 
and SF. The results and corresponding mean error values are 
shown in Table.1. As is evident in the table, when the 
LR=0.0002 and SF =128×64, the mean error value reaches its 
maximum value in ±1° and ±5°. When we reduce the SF, the 
corresponding mean error is reduced. We achieve the lowest 
mean error in our test data set when the LR=0.00002 and 
SF=64×32. The boxplot for the mean errors for ±1° and  ±5°  

have been depicted in Fig.4 and Fig.5, respectively. As opposed 
to ±1° and ±5°, with +3°, there is no significant difference in 
the mean error reduction. Also, an increase in the mean error 
value has been seen with -3°. 

 In the second stage of training, we aim to recognize the 
network's behavior when the 740 folders' images have different 
rotation values. Therefore, we have 247 folders containing 
images with ±1° of rotation. It follows in the same manner for 
±3°. Ultimately, we have 246 folders for images with 5 degrees 
of rotation. 

 Because in previous stages, we have achieved better results 
when the SF=64×32. In this stage, we vary just the LR, and the 
SF value is fixed to 64×32.   

 
Fig. 3. Network architecture. In the figure, T. CONV indicates transpose convolution. 

 

Table.1 Mean Error with different LR and SF 

LR & SF Mean Error (%) 
-1° -1° -3° +3° -5° +5° 

0.0002 & 
128×64 -63.39 65.93 -2.63 16.02 -20.75 22.96 

0.0002 & 
64×32 -15.38 15.57 -1.41 17.80 -16.44 17.55 

0.00002 & 
64×32 -3.79 4.52 -9.26 10.31 -6.21 5.74 

 

 
Fig. 5. Boxplot for mean error (%) in ±5°, LR=0.00002 & SF=64×32 

 
Fig. 4. Boxplot for mean error (%) in ±1°, LR=0.00002 & SF=64×32 
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 The relevant results are shown in Table.2. Achieved results 
indicate that, in ±5° and +3°, the mean error values decreased 
when LR=0.0002. While in ±1° and −3°, a significant increase 
has occurred. When the LR=0.00002, there is generally an 
increase in the mean error value, but there is a more noticeable 
increase in ±1° and +3°. In comparison to other research [17], 
we have achieved acceptable results in considering three 
different angles. While in [17], they only investigate angle 
difference below 1°, for registration of consecutive US images. 

V.  CONCLUSION 
 In this paper, we attempt to estimate rotation values (Euler 
Angeles) between three consecutive ultrasound images. We can 
indicate that we have achieved promising results in estimating 
the rotation angle. Compared to other studies [17], we can 
estimate rotation angles more than 1°. As opposed to [1], we do 
not use any segmentation method. Yet it is worthwhile to 
mention that our work is preliminary and that it is still necessary 
to overcome some issues, such as the low amount of US data. 
Also, we will consider the translation value. 
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Table.2 Mean Error with different LR and SF 

LR & SF Mean Error (%) 
-1° -1° -3° +3° -5° +5° 

0.0002 & 
64×32 -74.70 59.37 -10.8 9.38 -11.51 10.79 

0.00002 & 
64×32 -32.35 24.95 -9.44 30.81 -10.49 6.86 
 

 
Fig.6. Boxplot for mean error in ±5°, LR=0.00002 & SF=64×32. 


