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Abstract

Fetal ultrasound image segmentation is a topic with new advancements
that allow doctors to diagnose fetal structural abnormalities such as those
involved gestational diabetes mellitus, pulmonary sequestration, congen-
ital heart disease, etc. The new technologies provide more insight about
the development of the fetus. The image segmentation of the whole fetus,
in particular, brain, lungs, heart, liver etc is vital for clinicians to get more
knowledge of the anatomy of the fetus without miss diagnose as the US
images are very "noisy". In this work we propose a new method to do
the image segmentation of the whole fetus. The algorithm is inspired in
the well known Dijkstra’s algorithm to find the shortest path between two
nodes on a graph. In this context the weights between the "nodes"/pixels
depend on the intensity of the pixels in the neighborhood and to distin-
guish the pixels that "belong" to the fetus image an efficient approach was
developed.

1 Introduction

Medical ultrasonography is the use of medical ultrasonic equipment’s
and imaging techniques to visualize internal organs to capture their size,
structure and any pathological lesions with real time tomographic images.
Obstetric ultrasonography is the use of medical ultrasonography in preg-
nancy to create real-time visual images of the developing embryo in its
mother’s uterus (womb). The main goal of these exams are to measure
the fetus growth abnormalities or to assess for congenital malformations
of fetus. Also, it allow to detect multiple pregnancies (i.e. twins). Usu-
ally these measurements are obtained manually by the doctor from ultra-
sound (US) images which they have poor quality, low contrast and with
high level of noise. Incomplete or erroneous measures frequently are the
cause of a bad diagnostic. An automatic system to support processing,
analysis and extraction of accuracy measurements and features from the
images can be useful to obstetrician task support. It can also improve the
workflow and shorten the time of each examination. Ultrasound image
(US) segmentation is strongly influenced by the quality of data. A set of
characteristic of the ultrasonic images make the segmentation task hard
to do such as speckle, attenuation, shadows and signal dropout. Also,
the orientation dependence of acquisition or not desired artefacts that can
result in missing boundaries. Further complications arise as the contrast
between areas of interest is often low. Considering the continued break-
throughs in utero image analysis it is now possible to gain more insight
into the ongoing development of the fetus. Segmentation has been exten-
sively applied to ultrasound imaging. However, in this context standard
methods that usually have good performance in many kinds of problems
they shown some weakness and little robustness behaviour when applied
in ultrasound images.

The reader is invited to read the approaches on US image segmenta-
tion proposed by Zong et al. [1] and Zhao et al. [3]. For an extensive and
well done review about segmentation and classification in MRI and US fe-
tal imaging check the work developed by Torrents-Barena et al. [2]. The
review covers state-of-the-art segmentation and classification methodolo-
gies for the whole fetus and several organs.

Best prenatal diagnosis performances rely on the conscious prepara-
tion of the clinicians in terms of fetal anatomy knowledge. This paper
covers new segmentation techniques and classification methodologies for

the whole fetus. The main aim is to obtain precise contour line of fetus,
sac amniotic, uterus and others organs that allow obtaining accuracy ge-
ometrics measures. New ways to solve the segmentation problems with
US images are proposed.

2 Method

Due of the above-mentioned characteristic about ultrasonic images, stan-
dard techniques for segmentation task have badly results, far of expected.
This problem results from the high level of noise, low contrast and weak
sharpness of contours of parts to identify. Furthermore, the application
of the active contours algorithm to determine the contour of fetus, sac
amniotic and the border od uterus does not give good results. So, new ap-
proaches are necessary for that known methods can be run normally. The
method proposed in this work tackles the problem in an efficient way with
an Dijkstra’s inspired algorithm among other features. The description of
the method follows:

2.1 Dijkstra’s Algorithm
Dijkstra’s algorithm is well known and can be explained in four steps:

Step 1 Initially assign Node(A) = 0 as the weight of the initial node and
w(x) = o to all other nodes, where x represents the other nodes.

Step 2 Search x node for which it has the smallest temporary value of
w(x). Stop the algorithm if w(x) = oo or there are no temporary
nodes. The node x is now labeled as permanent and as the current
node, meaning parent of x and w(x) will stay fixed.

Step 3 For each node adjacent to x labeled y which are also temporary,
apply the following comparison: if w(x) + Wxy < w(y), then w(y)
is updated to w(x) + Wxy, where W is the cost of the adjacent node.
Now assign y to have parent x

Step 4 Repeat the process from Step 2, doing as many iterations as re-
quired until the shortest path is found.

2.2 Image Contour Dijkstra’s Algorithm

The Image Contour Dijkstra’s algorithm proposed in this work can be
described in the following steps:

Step 1 The user should "pick up" some points (nodes in Dijkstra’s no-
tation) from the original image to establish a "raw path" for the
algorithm to start.

Step 2 Initially assign Node(A) = 0 as the weight of the initial node and
w(x) = o to all other nodes, where x represents the other nodes.

Step 3 Search x node for which it has the smallest temporary value of
w(x). Note that the weight w(x) in this context is the "intensity
of the line" between two nodes. In simple words, for a dark pixel
the intensity is zero and for white pixels is 1 (normalized); the
algorithm finds the shortest distance between nodes penalizing the
sum of the intensities of the pixels, choosing the "darkest path"
among the pixels in the neighborhood of the contour of the fetus
image.



Step 4 Repeat the process from Step 3, doing as many iterations as re-
quired until the shortest path is found.

The global algorithm proposed in this work can be described (simpli-
fied version) in the following steps:

Step 1 Pre processing of the original image. See Figure 1.

Step 2 Run Image Contour Dijkstra’s Algorithm from subsection 2.2.
See Figure 2.

Step 3 Remove points/nodes from path, namely, collinear points.

Step 4 "Connect dots" from previous step to define triangles that will be
used to "overlap" fetus image.

Step 5 There are several ways to check if a point lies inside a triangle;
we used one of them to go through the triangles from previous step
and fill the fetus image like we fill rectangles to get Riemann’s sum
on Calculus 1. See Figure 3.

Step 5 From the previous step is straightforward to get the fetus image
that lies inside the active contour and extract the image of interest.
See Figure 4.

Step 6 Some post-processing like filtering to enhance image in order to
compute the parameters used in pre natal medical diagnosis. See
Figure 5.

3 Results

The following images illustrate some steps of the method proposed, e.g.,
pre-processing of the original image; an output of Image Contour Dijk-
stra’s Algorithm developed in this work and described in subsection 2.2.
The decomposition of the polygon into triangles is also depicted in Fig-
ure 3. An binarization of the fetus image is depicted in Figure 4. An
image enhanced for medical diagnosis is shown in Figure 5.

Figure 1: Pre-processing of original image

Figure 2: Image Contour Dijkstra’s Algorithm

Figure 3: Polygon decomposition into triangles

Figure 4: Binarization of fetus image

Figure 5: Image for medical diagnosis

4 Conclusions

The problem to tackle was to extract the fetus image from the original
image with a clear contour and without miss any data. To do the seg-
mentation the clinician/user chooses some key points that define a raw
contour. The proposed algorithm refines the contour "walking" through
the path established by the pixels with less intensity implemented with a
variant of the well known Dijkstra’s Algorithm adapted to this context.
The results are very promising and we intend to extend this kind of tools
to 3D US fetus images and to apply new algorithms as deep learning or
machine learning to address the development of automatic tools to help
the pre natal medical diagnosis.
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Abstract

Cardiovascular disease is the world’s leading cause of death and echocar-
diography plays a crucial role in clinical cardiology daily practice. How-
ever, manual analysis of 2D echocardiography is a time-consuming task.
Numerous methods have been proposed for 2D echocardiography image
analysis but the advent of deep learning architectures has opened new
possibilities for robust cardiac chamber segmentation. In this work, the
impact of generalization/specialization in a deep learning architecture for
left ventricular segmentation is studied. It is shown that task specializa-
tion is superior for 2-chamber view left ventricular segmentation, where
image quality is typically more challenging. In conclusion, task special-
ization can play an important role in cardiac chamber segmentation given
the inherent image/shape characteristics of each view and temporal in-
stance.

1 Introduction

Cardiovascular diseases account for more deaths than any other cause and
are projected to remain the single leading cause of death in the future [1].
2D echocardiography (2DE) plays a crucial role in clinical cardiology for
patient management, disease diagnosis, risk stratification and therapy se-
lection but the extraction of clinical parameters from 2DE often requires
manual contouring of the chambers/structures of interest. However, this is
a complex and time-consuming task subject to inter-/intra-observer vari-
ability. This has fueled the need for tools that enable a fast and accurate
analysis reducing the burden on the clinician.

However, ultrasound image analysis poses several challenges due to
the inherent image speckle, the variability related to the acquisition set-
tings and low contrast [2]. Nevertheless, there are numerous methods
proposed for cardiac chamber quantification in echocardiography, in par-
ticular for the left ventricle (LV), by far the most studied chamber. Geo-
metrical and shape-free models have been the most used methodologies
but the recent advent of deep learning architectures has opened new pos-
sibilities [3, 4, 5]. Smistad et al. [4] showed that the U-Net architec-
ture [6] could be used for LV segmentation, using annotations generated
by a deformable model for training. Zhang et al. [5] proposed an all-
encompassing deep learning architecture for 2DE analysis of multiple
structures trained on over 14k datasets. For segmentation, a convolutional
network inspired on the U-Net architecture was used and an intersection
over union (IoU) score of 89 for LV segmentation in 2-chamber (2CH)
and 4-chamber (4CH) views was obtained. Leclerc et al. [3] have used
a network inspired on the U-Net architecture and were able to achieve a
Dice score of 0.939 and a mean average distance (MAD) of 1.6mm.

Nevertheless, an in-depth study on the optimal way to achieve a ro-
bust segmentation taking into account the inherent characteristics of 2DE
has not yet been performed. The use of temporal and shape characteris-
tics has been notoriously underexplored. It is known that the heart has
a complex 3D shape that changes throughout the heart cycle and mecha-
nistic methods for LV segmentation often take advantage of this fact and
of the inherent image characteristics by integrating shape regularization
dependent on the view and temporal instance being segmented [7]. As
such, in this work the merits and weaknesses of task specialization versus
generalization in 2DE LV segmentation using a deep learning architecture
are explored.

Figure 1: Best and worst (left and right columns) results for 2CH view at
ED (fold 9) for the SPC network (top row) and the GNR network (bottom
row). Ground truth (GT) contours are shown with the predictions from
both the SPC and GNR networks.

2 Methods

The publicly available CAMUS database [3] was used. It consists of 500
patients with 2CH and 4CH views in 2DE, of which 450 patients have ex-
pert annotations of the LV, LV myocardium and left atrium at end-diastole
(ED) and end-systole (ES). The annotated data was divided patient-wise
into 9 folds, taking into account a balanced division in terms of image
quality and patient ejection fraction. All images were cropped, resized to
256 256 pixels and normalized per image to equal intensity range.

The architecture used for segmentation was described in the work of
Leclerc et al. [3] and is inspired on the U-Net architecture. It is com-
posed of five successive contracting layers followed by five upsampling
layers with skip connections at each level. Downsampling was performed
through 2 2 max-pooling and upsampling through 2 2 nearest-neighbor
interpolation. A rectified linear unit (ReLu) activation function is used
after each convolutional layer. This has shown to be a promising architec-
ture for 2DE segmentation, balancing robustness and network compact-
ness. Given that only the LV was targeted in this study, a sigmoid activa-
tion function was used for the final layer and the network was trained by
minimizing the IoU loss function.

A generalized network (GNR) was trained with all images, i.e. from
both ED and ES instances and 4CH and 2CH views, and four specialized
task networks (SPC) were trained separately for each view and temporal
instance combination (2CH ES, 2CH ED, 4CH ED and 4CH ES). 9-fold
cross validation was performed and network predictions (after threshold-
ing at 0:5 and selection of the largest connected object) were compared to
expert annotations in terms of MAD, Hausdorff distance (HD) and Dice
coefficient.

3 Results

Figure 1 shows the best and worst cases selected according to the average
of the normalized distance metrics for both the SPC and GNR networks
on the 2CH view at ED instance (fold 9).



times more data than any SPC network, the performance of the SPC net-
work is particularly surprising. The use of image augmentation strategies
could thus further strenghten the case for SPC approaches by decreasing
the advantage of a bigger dataset given to the GNR approach in this study.
The use of temporal information, by giving both ED and ES frames

as input for example, could also be an important factor for a more ro-
bust performance on the ES instances, which have a lower performance,
especially for 2CH views.

5 Conclusion

In conclusion, this work presents preliminary results on the study of gen-

eralization versus specialization in a deep learning architecture for the
purpose of LV segmentation in 2DE. It has been shown that for more

challenging tasks, such as 2CH views, the use of SPC networks can be
bene cial. This contradicts the general view that more data always equals
better results, showing that careful consideration of the inherent image
characteristics is an important factor to consider in the design of deep
learning solutions.
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Abstract

Ovarian cancer is one of the most commonly occurring cancer in women.

An automatic method to perform the detection and malignancy assess-

ment of the tumours through transvaginal ultrasound is necessary. This

work explores the U-Net's architecture and investigates the selection of

different hyperparameters for the ovary and the ovarian follicles segmen-

tation. The effect of applying different post-processing methods on beam- ) .
formed radio-frequency (BRF) data is also investigated. Results show figre 1: Example of dataset images. On the left, post-processed linear
models trained only with BRF data have the worst performance. On#a10de image. On the right, the corresponding linear B-mode image
other hand, the combination of B-mode with BRF data performs better4di the ovary and follicle ground-truth superimposed in green and red,

ovary segmentation. As for the hyperparameter study, results show fFRRECtIVElY.
the U-Net with 4 levels is the architecture with worst performance, which

demonstrates the importance of selecting an architecture that takes into ) . ) )
account the spatial context of the regions of interest. normalizing the obtained intensity to the range [0, 255]. B-mode lin-
ear data was obtained by applying quadrature signal demodulation and

Itering with a Hamming window of the original BRF data, followed by
1 Introduction envelope detection and log compression. To produce the post-processed
B-mode images, Contrast Limited Adaptive Histogram Equalization and
Ovarian cancer is one of the most commonly occurring cancer in womg@especkling Iter [7] were applied to the linear B-mode images (see
Most ovarian cancers result from an abnormal development of ovapiqagl 1.a).
follicles. Both ovarian cysts and follicles are uid- lled structures. Typi-  The three versions of the data were fed as input to the network either
cally, the screening for ovarian cancer is done manually, using transvigfividually, the three combined into a 3D array, or in combinations of
nal ultrasound B-mode images, which is time-consuming and error-pre@g different versions. Allimages were resized to 5512. The ground-
An automatic method to perform the detection and malignancy assgggh (GT) of follicles and ovary were delineated by a medical expert, as

ment of these masses is thus necessary. shown in Fig. 1.b. The dataset division was as follows: 92 images were
The state-of-the-art methods for the automatic segmentation of oyagd for 5-fold cross-validation and 15 for test.

ian follicles are generally focused on gradient and texture analysis inte-
grated in multi-stage algorithms [1, 2], energy minimization techniq
such as active contour [3, 4], graph cut optimization [5], and deep |
ning [3, 4, 6]. The type of images used in the state-of-the-art are strigthe Convolutional Neural Network (CNN) used is the U-Net [8], only
B-mode US images. However, beam-formed radio-frequency (BRF) igfging optimal zero-padding to preserve the image spatial size.
raw type of US data. The U-Net (used as baseline architecture) begins with a contracting
This study assesses the importance of the application of post-procgggiﬂgomposed by four down-sampling steps, whose output is then passed
techniques to US data and of the selection of U-Net's hyperparameterg,oqh, expanding path composed by four up-sampling steps, resulting in 5
the performance of a method fully based on the U-Net for the segmep@s|s of resolution. The nal output consists of a 51212 image with

u .
é 2 Convolutional Neural Network

tion of the ovary and ovarian follicles. two classes (follicle/non-follicle or ovary/non-ovary).
For this study, three variations of the baseline were tested, namely:
2 Method « Kernel size of convolutions of 55

« Depth of 4 levels of resolution
This section presents the methodology used in this study, including a des-* Depth of 6 levels of resolution
cription of the dataset, the convolutional neural network implemented, All models were trained using cross-entropy (CE) as loss function.
and also the selected loss function and hyperparameters. The batch size was set to 4 images, except for models with the following
characteristics, in which it was set to 2, due to equipment limitations:
» Baseline architecture (with input of the combination of B-mode
and BRF, the combination of B-mode and post-processed B-mode
The dataset used is based on 107 BRF transvaginal US images of the and the combination of post-processed B-mode and BRF)
ovary, containing single or multiple follicles. The original dimensions of ¢ Architecture with 6 levels of resolution (for all types of input data)
the acquired BRF images are 1922000, 6200] px. Three differenttypes  The initial learning rate was set to 0.001, and decreased by a factor
of images were extracted from the original BRF data, namely, absohftd every time the validation loss improved less than3.0For the op-
BRF, B-mode and post-processed B-mode. Absolute BRF (or BRFjirszation of the U-Net's parameters, the Adaptive Moment Estimation
obtained by computing the absolute value of the original BRF data §dam) optimizer was used. The early stopping method implemented

2.1 Dataset



consists in stopping training after 20 epochs without improvement of tiénterest. The 5 levels used in the baseline architecture are suf cient to
validation loss, with a maximum number of 100 epochs. The implematiew a proper comprehension of the data, given that the use of the U-Net
tation of this study was done in Python 3.6.6 using Pytorch 0.4.1. with 6 levels did not result in further improvement.

Models trained only with BRF data have the worst performance, both
for the segmentation of follicles and of the ovary. This demonstrates that
exclusive use of un Itered data, such as BRF, is not suitable for folli-

czlgdand ovary segmentation. Besides that, no other input type proved to

For the evaluation of the models' performance, test results were blnarbe. Ligni cantly better for follicle segmentation. On the other hand, the

with a threshold of 0.5 and compared against the GT using the Dice S?"rhbination of B-mode with BRF data performs better for ovary seg-

larity Coef c'lent_(DSC). The mean D.SC was computgd across the 5o ntation, which reveals the importance of high-frequency data for the
of cross-validation. A paired two tailed t-test analysis was used to com-_ .. - . .
recognition of texture information of the ovarian stroma. The use of post-

fhegtet:;?r girr]:‘g:ngzi \(/)vfat'shgq(i:gle(r;gthgq?eiiills-bgf ing the null hypOth%Srbscessed B-mode revealed to be ineffective. This could be due to either

the low performance of the U-Net or an inadequate enhancement of the
characteristics such as texture and edges.

3 Results and Discussion

4  Conclusion

This work presents a comprehensive study of the in uence of the selection
of the U-Net's architecture hyperparameters such as depth and kernel size
and of the use of processing techniques on US data, including the conver-
sion from BRF to B-mode, Itering and contrast enhancement techniques,
for the segmentation of follicles and the ovary.

It was concluded that to achieve better performance in the segmenta-
tion of these structures, it is important to select an architecture that can
take into account the spatial context of the regions of interest. It is also
possible to conclude that the method used to analyse BRF data should be
designed to avoid the sampling step performed in this work and so take
advantage of the ne-resolution of BRF data.
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Abstract tween the GT and the results, and the Average Distance (AD), measured in

pixels, to evaluate the proximity of the detected structures' contours [4].
The use of medical imaging to support clinical diagnosis in breast canger Models

is well-established. However, the full characterization of a tumor is still

challenging due to the partial information that each image modality Pf®is paper explored 2 pipelines for lesion segmentation and 1 for anatom-
vides. Additionally, many patients are reported having poor aesthetica siryctures segmentation, as illustrated in Figure 2.

outcome when it can be improved with better visual communication. To Regarding lesions, the rst pipeline is composed of 3 modules before

enhance the Ies_ion characterization an_d predict surgical outcomes, ”E\‘Jﬂiputing the metrics. After the pre-processing and segmentation, the
modal registration can produce an unique reference space but reqites a1 selection of the object in question is selected from the ground

anatomical landmarks. This paper presents models for the segmentafigivs centroid. The second pipeline, however, uses the ground truth’s
in breast ultrasound images, of lesions and other torso structures, SURApid as the initial seed for segmentation.

skin, subcutaneous fat, mammary gland and thoracic region, in order tOLastIy
obtain registration reference points. '

the third pipeline is relative to the detection and segmentation
of anatomical structures. This pipeline does not require any input from the
user, apart from the original image. In this pipeline, after pre-processing
1 Introduction and segmentation, the image is then subjected to an algorithm which nds
the shortest paths connecting one margin of the image to the other.

Breast cancer is the leading cause of cancer in women worldwide. The
mortality rate has decreased in recent years and even Conservative Treat-
ment (BCCT) has reached Mastectomy prognosis. BCCT provides best
aesthetical outcomes but requires visually aided patient-clinician commu- (a) Pipeline #1 - Lesions
nication to be effectively conveyed and decided upon. For this, 3D visu-
alizations tools that include multiple modalities are key, which in turn can
be produced by landmark based registration.

Ultrasound imaging (US), in addition to be widely used and being in-
valuable for breast cancer detection and lesion descriptor tasks, it is one
of those key modalities. With this in mind, any development in automated
segmentation of US anatomical structures, as well as of lesions, can be of (b) Pipeline #2 - Lesions
great use in the maturation of multimodal registration applications, lead-
ing to the empowerment of patients on a treatment joint decision process.

This main goal of this paper is to present two experimental method- (c) Pipeline #3 - other structures
ologies and two models, one of each for segmentation of lesions and th&igure 2: Development Pipelines according to segmentation focus
other two for anatomical structures, such as skin, subcutaneous fat, mam- .
mary gland and thoracic region. 4.1 Pre-processing

An US image is composed, by the acquisition window (ROI) and auxiliary
2 Dataset information that improves the physician's understanding of the image. In
order to reduce the probability of errors in the segmentation module, it
This study uses an ultrasound dataset (Figure 1), divided in 2 validatooimportant to remove this information and other noises present in the
and 2 test sets. In the case of testing, one of them is composed ofidé8es. Several ltering works have been performed for noise reduction,
ground truth images (GT) of lesions from 18 patients and the othernamely using morphological lIters, variations on Anisotropic Diffusion
cludes 75 GT images of anatomical structures from 10 patients. methods, Bayesian ltering frameworks and many others.
The validation sets, on the other hand, are composed of 54 imagesHere, we pre-processed the original image using an Anisotropic Dif-
3 from each patient, in the case of lesions, and 25 images in the dasien Iter guided by Log-Gabor texture descriptors (ADLG [2]) with
of anatomical structures. An experimental methodology is conducted00 iterations to smooth the image whilst preserving its edges. After that,
the validation sets and the best models are replicated in the test setthAlresulting image goes through a morphological opening operation to
images were selected and annotated by a radiology expert, from a lasgaove small objects placed around the ROI. Finally, a Hough Transform
pool, guaranteeing that each image contained at least one lesion.  is used to detect the linear boundaries of the ROI for cropping. An addi-
tional step is performed, in which the original cropped image undergoes
one of two alternate noise removal techniques: an adaptive median lter,
with a %9 kernel, or an ADLG lter, tested for 50, 100, 200, 500 and
1000 iterations. The original cropped image, was additionally bypassed
and also used in the segmentation phase.

4.2 Segmentation
(a) Original cropped image (b) Lesion GT (c) Anatomical structures GT

) . . Several methods have been used on Lesion detection or generic object
Figure 1: Ultrasound image and respective ground truths (GT) 9 )

segmentation. Some are thresholding based, as Otsu's method, others are
3 Evaluation metrics aggregation based, as Region Growing, and more resort to Clustering or

even Machine learning. However, to the best of our knowledge, no study
The quality of the methods need to be objectively assessed. We usddkeapproached segmenting skin, subcutaneous fat, mammary gland and
Sgrensen-Dice (SD) coef cienf; 1]) to estimate the area similarity bethoracic region altogether.



4.2.1 Lesions fat, Mammary gland and Thoracic region. Therefore, the structures are

o . . automatically assigned labels.
Each pipeline has a segmentation module. The tests conducted in Ltjhe y g

validation set were used to experiment the combinations of the varigl)uzs4 A ical ion Resul
parameters so as to obtain the best outcome for each method. - hatomical Structures Segmentation Results

The rst pipeline (Pipe #1) comprises 3 methods: K-means, MeaA+the matters of anatomical structures segmentation, the results suggest
shift clustering and Watershed segmentation. For K-means, parametgfsK-means clustering is, on average, better for this type of segmen-
tested were the pre-processed image given as input, the number of glysn then the other methods tested. Additionally, the results show that
ters K) and the H-maxima transform suppression percentage. ThetRg-method exceeds both Mean shift clustering and Watershed in the seg-
rameters varied for the Mean shift method consisted of the pre-procesgiggtation of the following speci ¢ structures: Skin, Mammary gland and
input type, and the parameters: bandwidth, and the position vs intenpityracic region. Watershed, however, has the best results regarding Sub-
weight ratio. Finally, for Watershed, the pre-processing also varied, aleltaneous Fat segmentation, although, K-means presents comparable re-
with the H-minima transform suppression percentage. sults for this structure.

The second pipeline (Pipe #2) requires the speci cation of the ini- As mentioned concerning lesions, Watershed is sensible to noise and,
tial region for segmentation and the methods used with this pipeline Wi, prone to over-segmentation, which might explain undesired results
Active contour model, Region Growing and Polar Minimum Path [1, 3nd unexpected margin-to-margin paths. On top of that, Mean shift uses
Once again, the pre-processing variations of the input image were expéfreans' cluster centroids as initial seeds, which means that previous er-
imented for all three methods. Concerning the segmentation modulerde might in uence Mean shift results. This might explain the reason
parameters analysed for Active Contours were the number of iteratigh§ K-means outperforms Mean shift for every anatomical structure de-
allowed for the evolution of the segmentation, the degree of smoothnggson and segmentation.
and the tendency for the boundaries to expand. In Region Growing theThus, the results suggest that K-means clustering overall performance
experiments tested variations of the aggregation criterion threshold vaijgeeds that of Mean shift and of Watershed for anatomical structures

Lastly, the optimization of Polar Minimum Path parameters was preyégmentation. Tables 2 and 3 summarize the results.
ously based on past experience and, thus, was not part of this study.

Table 2: SD and for anatomical structures segmentation (test set)

4.2.2 Lesion Segmentation Results -
! g ! ! K-means Mean shift Watershed

Table 1 seems to indicate that Pipeline #2 outperforms Pipeline #1. Specif- Skin 0.61(0.22) 0.48(0.27) 0.52(0.25)
ically, the best performing methods comprise contour-based approaches,Subcutaneous fat 0.49 (0.29) 0.44 (0.29) 0.51(0.26)
Active Contour model and Polar Minimum Path. Mammary gland  0.49 (0.32) 0.44 (0.32) 0.32(0.29)

These results can be partly explained by the fact that the number of Thoracic region 0.71(0.20) 0.64 (0.22) 0.66(0.22)
clusters in K-means is a very binding parameter. Ultrasound images are Average 0.57 (0.28) 0.49(0.28) 0.50(0.28)

characterized for having low resolution, which means that the adequaté
K value will often differ for each image. On the other hand, clustering-Table 3: AD ands for anatomical structures segmentation (test set)
based methods are very dependent on the initial seed values. Further-
more, outliers can cause unwanted changes in clusters or an outlier can
get its own cluster instead of being ignored. In the case of Watershed,
this method is known for proneness to over-segmentation due to its sen-
sibility to noise. A solution might lay in the use of markers, and start
ooding from those speci ¢ points. The fact that benign lesions have
a homogeneous, anechoic nature (fully enclosed dark) might be one of
the reasons for these Region Growing's promising results. On the other
hand, the method performed less well for malignant lesions mainly &ie Conclusion
to their typical heterogeneous echo pattern, which hinders the region's
growth. Furthermore, lesions usually have strong edges, which is linomedical imaging plays an important role in breast cancer diagnosis
e cial to deformable, gradient-focused models such as Active Contand treatment. Breast ultrasound images can provide relevant information
model. The well de ned boundaries of lesions also help the Polar Miaird contribute towards a multimodal fusion, leveraging the patient's con-
mum Path method since this method uses the gradient of the image taimaed well-being on their recovery outcome from cancer treatment. By
the shortest path. proposing a model for lesion segmentation and another model for anatom-
Thus, it is expected for results of Pipeline #2 methods to exceed thoakstructures detection and segmentation of the multiple layers in breast
of Pipeline #1, with Active Contour model being the top performer. Takrasound images, we hope to contribute to that research.
ble 1 summarizes the results.

K-means Mean shift Watershed
Skin 3.1(55) 13.8(24.5) 3.4(5.1)
Subcutaneous fat 17.4 (17.2) 29.6(34.2) 17.2(20.9)
Mammary gland  23.2(24.8) 38.9(54.3) 41.4(37.0)
Thoracic region 13.1(17.0) 15.0(13.3) 21.3(20.3)
Average 13.4(18.3) 22.4(32.0) 20.4(27.1)
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Abstract 2 Cycle Generative Adversarial Neural Networks

Breast cancer is a concerning public health issue, due to its incidenceGenkrative Adversarial Networks [3] are a framework for training neural
mortality. One of the fronts for attenuating this burden is through thetworks in which two models are optimized simultaneously, one gen-
development of better Computer-Aided-Diagnosis systems, which allmator G) and one discriminatorY). The objective ofG is to generate
early diagnosis, and, as a consequence, a better prognosis. In this weaksticfakedata, whileD's objective is to distinguish betweeeal data

we propose a new data augmentation scheme for mammography, bewagled from the respective domain dalle data generated b§. As

on Generative Adversarial Networks, which can potentially be usedsteh, this process is a minimax game between two players with con ict-
increase the robustness of data-driven approaches in the eld. We @igmbjectives.

evaluate the effect of conditioning generative adversarial networks to theln the original formulatiorG is a mapping between a random variable
segmentation mask information, obtaining encouraging results. andD% input image space. However the generator can also be used as an
image-to-image model. This is the case of cycle GANs [9], a variation
of the method used for domain adaptation. The Cycle GAN framework
considers two image domains,andY, two generatorsiy which maps

Breast Cancer [5] is the most common type of cancer and also the I%:'d Y and the othe_'rG>_<, which mapsy ! X,_and two dlscrl_mlnators

ing cause of cancer death among females. Due to this, governmen inr"fmd DY.' The objective of Fhe gene.ratqrs. IS fo translate images from

many countries have implemented population-based screening progPaﬂﬁsdoma'n to th? other,. Wh'le. th? d|scr|m|nato_r§ d_e_teal andfakt_e_

to diagnose the disease early, at a stage when it can be treated with! i?ﬁhspeu.c domain. Optimization is done by minimizing two additive

success rates. These are usually based on mammography, an im3 gtlves.

method known for its high recall rate

Image-based computer-aided diagnosis (CAD) tools have been shown

to increase the sensitivity of the exam, but also its recall rate [7]. Im-

provements in these tqols can lead to more accurate and cos_t-effective LaglDx;Gx) = ExllogDx(X)]+ Eyfllog(1 Dx(Gx()] (1)

screening. One of the dif culties when designing these systems is the low ) _

amount of data available to develop data-driven approaches, which are Laa(Dy:Gy) = EyllogDy (V)] + Exflog(1  Dv(GyO)]  (2)

state-of-the-art in Computer Vision. Causes for this low amount include

the required ethical considerations associated with collecting medical im-  Cycle Consistency Losswhich aims at maintaining semantic in-

ages the specialized work needed for their annotation. formation after domain translation (i.e. an image translated twice,

One way to attenuate this is through arti cial data augmentation, a  'stto the opposite domain and then back to the original one should

prevalent technique among Deep Learning research. Different transfor- be unchanged):

mations, based on image processing methods, have been validated in the

past. One example of this is the use of elastic deformations [2]. However, Leycle(Gx: Gy) = ExKGx(Gy(x) - xky +

augmentation can also be based on more sophisticated methodologies. EykGv(Gx(y)) kg

In this work, we propose the use of Generative Adversarial Networks

(GANSs) as a means of increasing the amount of data available. We doA diagram representing these two loss functions is shown on Fig. 1.

this by considering malignant and normal images as different domains.

We th_en use a cycleGAN as a means of injecting or rerr_]c_avir)g ma_lignag_oy Conditional Cycle GANs

from image patches. We also explore the effect of conditioning this model

to segmentation information. Images of cancer and healthy tissue are similar in appearance except for
some subtle features. As such, translation between domains is not simple,
which makes optimization dif cult. One way to address this is to provide
additional information to the algorithnD andG can be conditioned on
some variabléM, which is in some way correlated with the daxaandy,
yielding:

1 Introduction

Adversarial Loss, which pushes the model so that generated im-
ages look more realistic:

®)

L aalDx; Gx) = Ex[logDx (x;m)] + Ey[log(1  Dx(Gx(y;m);m))] (4)
LadlDy;Gy) = Ey[logDy(y;m)] + Ex[log(1 Dy (Gy(x;m);m)] (5)
Leycle(Gx; Gy) = ExKGx (Gy(x;m);m)  xk; +

' (6)
EykGy(Gx(y;m);m)  yk;

Figure 1: Optimization of cycleGANs. Adversarial loss is the binary cross |, this caseD can decide betweeral andfake by judging how con-
entropy function and decreases as the discriminator claskikeslata as gjgtent is the evaluated image with the provided additional information.

real. The cycle consistency loss introduces the idea of reversibility in %‘?nilarly when translating the image between doma@san adapt his
transformations. strategy based on this information, exploring consistency between the two
Iproportion of all tested patients with a positive result variables as a way to convinée If the additional variable is relevant to
We thank NVIDIA for their generous donation of TitanX gpu. the problem, the end result should be generators with better image quality.




3 Experimental Results gorical information (malignant or non-malignant). These last two validate
their methods by showing that classi ers can be attacked [1] or improved
In this work, we evaluated cycle GANs in the task of generating maj8} by these strategies. Our work contributes to this line of research. We
mographic image data and the effect of conditioning this model on lesibiow that framing the problem as a domain adaptation one is viable when
segmentation information. The two domains considered for this werg/drking on a patch-level. Also, we show that conditioning the model on
patches of healthy tissue and ii) patches of malignant masses. For thisheweegmentation information increases the quality of the generation.
selected the CBIS-DDSM dataset [4], extracting ten patches of healthyThese results are relevant for different reasons. Models like these
tissue from each image. Also, for each malignant mass in the dataset,attenuate the scarcity of data in the eld of medical imaging, where
we extracted ve patches approximately centered at the lesion. Fortibalthy images are often more readily available than data from sick pa-
conditional version, we also provide the lesion's segmentation maskiénts. Also, the use of generative models can be an intuitive way to com-
the case of malignant masses, and a random segmentation mask imtimécate information with specialists during diagnosis. For instance, in
case of healthy tissue. Otherwise, it would be easyDfdo distinguish cases where an automatic system disagrees with a specialist, it might be
which images came from each domain, solely based on this mask. Wbéful for them to know what changes in the image would make the model
additional information is fed to all layers as a channel and not just to #imange its decision, as a way of interpreting the system's opinion. Finally,
rst. For D, a 5-layer Convolutional Neural Network was used. Eor notice that the two domains selected were malignant and healthy tissues.
an image-to-image model was used with three convolutional layers, Tle discriminant models are trained to discard images that do not belong
lowed by nine residual blocks and three transposed convolutional layershat domain and thus, they can, in theory, be used to assert if an indi-
For the conditional version, the segmentation mask was fed as an igfaifal patch is indicative of malignancy.
to all layers of the four models. Optimization was done using the Adam .
algorithm, and rotation and ipping data augmentation. A pool of fa@ Conclusion
images is continuously updated, and the batch for traiBingrandomly n this work a new data augmentation strategy is proposed for data aug-
sampled from it, to avoid mode-collapse. A batch-size of one was ugt&ntation in mammography. The method is based on generative models
and the model trained by 60 epochs (around 150k iterations). Figur& glomain translation, namely cycleGANs. We evaluate an extension of
and 3 depicts the results obtained for healthy tissue and malignant rigsgethod which conditions the response of all the networks on segmen-

generation, respectively. tation information. This variation was shown to be advantageous in terms
of the quality of the generated samples. Future work should extend this
original mask cycleGAN  cond. cycleGAN ~ Method for all types of mammographic lesions. We are also interested

in methods which use the discriminator's parameters for inference rather
than just considering them a byproduct of the method.
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Abstract Pose transformation: The matching of MRI and 3D scan data is
driven by the surface of the breast. The BM for pose transforma-

The creation of 3D complete models of the woman breast that aggregate tion of the breast proposed by Vavourakisal. [5] was applied to

radiological and surface information is a crucial step for the development  T1-weighted MRI image sets acquired in prone position, with the

of surgery planning tools in the context of breast cancer. This requires adaptations described in [6]. The surface nodes after this transfor-

the registration of interior and surface data of the breast, which has to  mation make up the point cloud (PCL) of the surface of the breast

recover large breast deformations caused by the different poses of the pa- from MRI, in the upright position (MRIp).

tient during data acquisition and has to deal with the lack of landmarks

between both modalities, apart from the nipple. In this paper, the registra-  Rigid Registration: Despite describing breast shape from MRI in

tion of Magnetic Resonance Imaging (MRI) exams and 3D surface data the upright position, MRI, PCLs keep the orientation and spatial

reconstructed from Kinect, acquisitions is explored using a biomechan-  Position of the MRI images set (Fig. 3.1). Therefore, MRPCLs

ical modelling of breast pose transformations combined with a free form ~ are rotated to ensure the same orientation of the surface scan. A

deformation to nely match the data. The results are promising, with an  translation step follows to overlap the MRIPCL with the 3D

average euclidean distance between the matched dai@lof 0:09 mm. scan PCL. This translation is based on the detection of a breast
mound in both surfaces, which is de ned as the point with the

. largest surface variant (SV) [3] in the anterior plane of the breast.
1 Introduction The performance of FFD algorithms greatly depends on the close-
ness of the surfaces being registered. Thus, the point-to-plane vari-
ance of ICP was further applied to improve the alignment of MRI
and 3D scan PCLs. SV values and ICP results are affected by the
sampling of the PCLs, so both PCLs were downsampled using a
voxelgrid lter to approximate their resolution. All rigid transfor-
mations were then applied to the PCLs in their original resolution.

Breast image registration algorithms have been mostly developed to com-
bine intra and inter-modal radiological images. Surface reconstruction of
the breast has also been reasonably researched, but there is little explo-
ration of interior and exterior information matching, necessary to create
a complete model of the breast. The differences in pose between interior
and exterior acquisitions are a major challenge: surface information is ob-
tained with the patient in the upright position while in MRI the patient is Free form deformation: Finally, the FFD is performed to com-

in the prone position (lying horizontally face down) - breasts experience  pensate for the remaining differences in shape between the PCLs.
large deformations. As a consequence, a pose transformation step is often
needed to complete the registration. Other factors in uence the shape of
the breast, such as the position of the arms, which are upward during MRI
and at the side of body or on the waist when acquiring surface informa-
tion. The equipment of the MRI also slightly compresses the breast.

The topic of pose transformation has been researched, in particular,
prone to supine registration, with the objective of using MRI images to
aid in breast surgeries, since they are done with the patient in the supine
position [2]. In [1], Eiberet al. used a biomechanical model (BM) in con-
junction with a surface registration algorithm to match prone and supine
MRI images as well as MRI and surface images acquired with the patient
in upright. Salmoret al. [4] also resorted to BMs for pose transformation
to combine MRI and surface imaging information.

Here, the MR|,p PCL after rigid registration is enclosed in an uni-
form grid ofl m n control points(CP)P, which are iteratively
displaced to minimize the displacement between the 3D surface
scan and the MR} PCL. The dimensions and orientation i@f

are de ned by the principal axis and moments of inertia calculated
from the second order central moments matrix. All points of the
MRIyp PCL are converted to local coordinates on this fransg, (

t andu), and linked to the grid using a deformation matBx a
product of trivariate Bernstein polynomials:

B= &l 0aMoalCChck(l 9! S(1 ™ it u" kuk

)
At each iterationgz, the displacement elddX, between the de-
formed MRUyp, Xz, and 3D surface PCLs is calculated and it is
2 Methodology used to determine new positions of G, 1

The use of BMs prior to free form deformation (FFD) has been shown
to provide more accurate matches in breast image registration tasks than
either method independently. Non-rigid registration algorithms do not ac-
count for physical characteristics which can lead to unrealistic deforma-  wherekDmPk? is a Tikhonov regularization term added to preserve
tions, while BMs preserve physical relationships but might be insuf cient  the relative position of the CBm is a matrix representing the dis-
to recover all deformations [1]. Here, an aggregated registration strategy cretized derivative of the CP position, and the solution to this min-
is followed that combines a BM of breast pose transformation [5] with  imization problem is found using Singular Value Decomposition
a FFD algorithm to register the MRI image set to the 3D scanned sur- (SVD) of B. The new deformed MR} is thenXz 1 = BP 1.

face data. The argument is that breast shape differs greatly between prone

(MRI) and upright (3D scan) posi;io_ns. The biomechr?mical modelinggf I?xperimental validation

the deformations caused by the distinct poses approximates the shapes o

the breast, assuring physical plausible transformations. However, it Gﬁﬁésmethodologywas evaluated on a subset of data from PICTURE poject
not guarantee good alignment between the surface of the breast in MR implemented on Matldb R2016b with the Computer Vision Sys-
after pose transformation and the corresponding scanned surface. idfi€roolbox, version 7.2. T1-weight MRI image sets from 7 patients
application of FFD can then recover the remaining differences to ng{re used, containing approximately 60 axial slices each, with an aver-
match the surfaces of the breast from both modalities. In this way, bgélé voxel resolution of:69 0:59 3mm, &, y andzaxes, respectively).

interior radiological and exterior surface information will be fused in thg,ese resulted in 11 MRj PCLs of individual breasts - 3 breasts with
upright position, a more natural and relatable shape for the patient, ideal

for showcasing the predicted outcomes of various treatment options.  *http:/mww.vph-picture.eu/

Pev1= minfkBP X+ dXk?+ kDmPk?g )




high coil deformation were discarded from biomechanical simulations.
The corresponding 3D surface data was reconstructed from 2 oblique and
1 frontal Microsoft Kinect' scans. SV was calculated for both 3D scan
and MRLp PCLs using 15 neighbors and after a voxel grid lter with a
step of 0009. The FFD algorithm was tested with 3D grids of 6 or 8 CP,
using both original or downsampled PCLs. Higher numbers of CP were
not thoroughly explored due to the increase in computation time and lim-
itations of the implementation regarding memory management. The FFD
was stopped when the mean euclidean distance between deformgg MRI
PCLs of consecutive iterations fell below 110 7 mm or a maximum _.
300 of iterations was reached. The in uence of using the regularizalg(iﬂ
term in the objective function of FFD was explored, and the impact of &
breast density on the matching of interior and surface data was tested. The
in uence of these factors was statistical assessed using Mann-Whitney
non-parametric statistical tests with a con dence interval of 95%. Two
evaluation metrics were calculated between the matched PCLs in their
original resolutions: mean euclidean and Hausdorff distances. The av-
erage distance between each point in a PCL and its closest point on the
other, and the maximum among these distances, respectively. Visual in-
spection assessed the plausibility of the deformations.

ure 2: Performance Evaluation of the proposed methodology on 11
ast samples.

(b) [6 6 6] (d)[888]

3.1 Results Figure 3: Effect of the size of the grid of CP on the registration of R
Fig. 1 shows the 3D scan and the MRPCLs before and after the rigicd(red) and 3D surface (black) data.

registration step. Fig. 1(b) evidences the inability of the BM of pose trans-

formation to recover all deformations between the two modalities. In par- | . ina the oridinal uti ¢ )
ticular, the top pro le of the breast appears more concave on the 3D spﬁt results were obtained using the original resolution of PCLs, 3D grids

The rigid registration step overlaps and approximates both PCLs prio(?ft_gp' with a high number of CP. Regularization is necessary to prevent
the FFD, although it can be argued that the infra-mammary Comoup%lghbour surface points from being apart after deformation. The strat-
both surfaces should be more coincident. Yet, at this point there is?géﬁ was tested on 11 samples a”?’ perfqrms better than related mt_athods
gold standard (e.g., markers in both surfaces) to specify how both ghtheratl_Jre. Future work |nvqlve§ improving the robustness of the rigid
faces should overlap. Fig. 2 shows the euclidean and Hausdorff distafft@igtration step, the use of interior structures of the breast and the ex-
between the 3D scan and MRIPCLS after FFD with 3D grids of 6 and gploitation of other objective functions and regularizations for FFD.

CP, applied to both PCLs in their original resolutions, with a regularized

objective function and after pose transformation with a BM simulatidggcknowledgements
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