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Abstract  

Purpose: Twin-to-Twin Transfusion Syndrome (TTTS) is a serious condition that occurs in about 10-15% of 
monochorionic twin pregnancies. In most instances, the blood flow is unevenly distributed throughout the placenta 
anastomoses leading to the death of both fetuses if no surgical procedure is performed. Fetoscopic laser coagulation 
is the optimal therapy to considerably improve co-twin prognosis by clogging the abnormal anastomoses. 
Notwithstanding progress in recent years, TTTS surgery is highly risky. Computer assisted planning of the 
intervention can thus improve the outcome.  

Methods: In this work, we implement a GPU-accelerated random walker (RW) algorithm to detect the placenta, both 
umbilical cord insertions and the placental vasculature from Doppler ultrasound (US). Placenta and background seeds 
are manually initialized in 10-20 slices (out of 245). Vessels are automatically initialized in the same slices by means 
of Otsu thresholding. The RW finds the boundaries of the placenta and reconstructs the vasculature.  

Results: We evaluate our semi-automatic method in 5 monochorionic and 24 singleton pregnancies. Although 
satisfactory performance is achieved on placenta segmentation (Dice ≥ 84.0%), some vascular connections are still 
neglected due to the presence of US reverberation artifacts (Dice ≥ 56.9%). We also compared inter-user variability 
and obtained Dice coefficients of ≥ 76.8% and ≥ 97.42% for placenta and vasculature, respectively. After a three-
minute manual initialization, our GPU approach speeds the computation 10.6 times compared to the CPU.  

Conclusions: Our semi-automatic method provides a near real-time user experience and requires short training 
without compromising the segmentation accuracy. A powerful approach is thus presented to rapidly plan the fetoscope 
insertion point ahead of TTTS surgery. 

Keywords Fetal surgery · Doppler US · TTTS · placenta and vessel detection · random walker · GPU optimization  



1. Introduction  

Fetal surgery has improved the prognosis of pregnancies with complications, and considerable progress has been 
evidenced in recent years. Approximately 70% of all twin pregnancies are monochorionic, i.e. the twins share the 
same placenta. This type of pregnancy can be risky and requires extra care and observation, as up to 25% manifest 
twin-to-twin transfusion syndrome (TTTS) [1,2], among other complications. In TTTS, blood is unevenly distributed 
between the fetuses through vascular connections (anastomoses) in the surface of the placenta. The fetuses can suffer 
from severe sequelae or even die if left untreated [3-5]. Fetoscopic laser coagulation is the standard treatment for 
TTTS, which consists on coagulating (closing) the anastomoses located on the vascular hemisphere of the placenta to 
restore blood flow equilibrium. Figure 1 shows an ultrasound (US) guided fetoscopic laser coagulation for TTTS 
treatment.  

 

Fig. 1 US-guided fetoscopic laser coagulation. The fetoscope (yellow arrow) is inserted through the uterus to coagulate 
the anastomoses on the surface of the placenta (red). 

 

In this context, three-dimensional (3D) representation of the placenta, its vasculature and the umbilical cord insertion 
points have the potential to significantly improve treatment outcome. Although magnetic resonance imaging (MRI) is 
a promising modality for revealing signs of TTTS [6], US remains the routine test in diagnosis due to its low cost and 
rapid acquisition. In fact, most fetal interventions are currently US guided. Additionally, Doppler US can be employed 
to track down and assess blood flow in the placenta and the umbilical vein and arteries. The segmentation of the 
aforementioned tissues from US images allows to plan the best fetoscope insertion point and quantify if all 
anastomoses can be reached.  

Placenta detection is a difficult task due to high inter-subject variability in shape, size, position and orientation. 
Torrents-Barrena et al. (2019) reviewed 123 state-of-the-art segmentation and classification methodologies for the 
whole fetus and, more specifically, the fetal brain, lungs, liver, heart and placenta in MRI and (3D) US [6]. Because 
of the arbitrary position and shape that placenta takes, most of the current segmentation techniques are semi-automatic. 
The virtual organ computer-aided analysis (VOCAL, General Electric Healthcare, Milwaukee, WI, USA) method is 
based on the geometric interpolation of 2D seeded contours defined at constant intervals of a rotation angle around a 
predefined axis [7]. It achieved high reliability with low inter- and intra-user variability for placenta volume 
measurement, both ranging between 74 and 84% of agreement [8]. The random walker (RW) segmentation algorithm 
was also employed as a semi-automatic approach for placenta detection [9], improving accuracy over VOCAL (Dice 
= 86%), and in inter- and intra-subject variability (91% and 96% agreement, respectively). Deep learning techniques 
have also been explored, using recurrent neural networks and atlas based fusion methodologies to obtain Dice scores 
up to 86.31% of accuracy [10-12]. Nonetheless, manual annotations were also utilized to enhance these approaches. 



The latest reports on automatic MRI placenta segmentation are based on neural networks. Using a convolutional neural 
network (CNN) as a classifier with a conditional random field (CRF) for refinement, a Dice score of 71.95% of 
accuracy was obtained for healthy fetuses [13]. Alternatively, Wang et al. (2016) [14] accurately segmented the 
placenta (Dice  82%) using weak annotations on a single slice, with very low inter-subject variability. The labels were 
propagated throughout the entire 3D stack by combining high-level features, online Random Forests and CRF. 
Afterwards, the same authors designed a CNN with geodesic distance transform refinement [15], with manual 
annotations encoded as CRF hard constraints, boosting accuracy (Dice = 89.31%) and further reducing user influence. 
A fully-automatic segmentation of the placenta and its peripheral vasculature was achieved by generating a super-
resolution reconstruction from axial, sagittal and coronal MRI stacks, and then applying 3D Gabor filters and Support 
Vector Machines to segment the placenta (Dice = 82% of accuracy), and a curvature corner detector to extract the 
vasculature (Dice = 81% of accuracy) [16]. 

There are mainly four categories of methodologies regarding vessel segmentation: vessel enhancement, deformable 
models, tracking, and machine learning [17]. Vessel enhancement rely on contrast imaging (e.g. computer tomography 
(CT) or MRI) to improve vessel contrast with respect to the background [18,19]. This approach has been used to track 
vasculature in mouse placenta [20,21]. Although, this approach fails to connect complex and intricate vascular trees, 
it is usually used as a preprocessing step to the other three categories. Deformable models can reconstruct the 
vasculature, given some seed points, by means of B-spline active contour a gradient field derived from the image 
intensity and shape constraints [22]. However, these methods are not suited for changing vessel topologies. Tracking 
methods also require an initialization of seeds, where a circular or elliptical cylinder is being iteratively appended in 
the trajectory defined by a constraint, such as energy minimization by means of graph cuts [23]. Machine learning 
approaches, and importantly, neural networks have been explored to successfully segment vasculature in different 
organs such as brain, liver and placenta from CT scans [24-27].  

However, US vasculature segmentation is complex due to the low intensity contrast between tissues. Although a few 
studies have approached this problem for liver or kidney vasculature [28,29], there is only one precedent of US 
placenta vessel segmentation. Torrents-Barrena et al. (2019) [30,31] proposed the only fully automated framework for 
placenta and its peripheral vasculature in 3D US. The placenta was identified by means of a conditional Generative 
Adversial Network (Dice = 72%), whereas the vasculature was segmented afterwards using a Modified Spatial 
Kernelized Fuzzy C-Means and Markov Random Fields (Dice = 68.5%).  

Our primary goal is to develop a fast, transparent, easy-to-use and robust multi-class segmentation methodology for 
TTTS surgery planning, which requires an accurate delineation of the placenta, its vasculature and the umbilical cord. 
The RW is a methodology that has successfully been used for placenta segmentation in B-mode US [9]. Here, we 
propose a RW-based algorithm with manual and Otsu initialization for both placenta and vasculature segmentation 
the first time. In contrast to the work in [9], the RW method is applied to Doppler US images. Additionally, to provide 
a near real-time experience to clinicians, which is key in TTTS planning, we have developed a GPU-accelerated 
version of the RW, with execution times similar to [30], and we have included it in a graphical user interface (GUI) 
adapted to clinical use. The segmentations are validated against a ground truth and inter-subject variability is also 
reported. 

 

2. Materials and Methods  

The random walker is a graph-based segmentation algorithm [32], and has derived to extended approaches [33,34]. 
The method segments an input image given a prior label image. It evaluates the input image as a graph, assigning a 
node to each pixel, and connecting the nodes by edges. According to the labelling of the prior, some nodes are labeled 
(seeded nodes) and some are left unlabeled (unseeded nodes). Then, it computes the probability 𝑝𝑝𝑠𝑠 that a random 
walker particle placed at an unseeded node will reach a seeded node. Since the prior contains at least two regions, 
each with a unique label s, then 𝑝𝑝𝑠𝑠 is computed for all labels, and the s with the highest probability 𝑝𝑝𝑠𝑠 is assigned to 
the evaluated unseeded node.  



This algorithm can be formulated as an electric circuit solved by superposition. For each label, the Laplace equation 
is solved assigning a boundary condition of 1V or 0V potential to the seeded nodes (1 for the current label, 0 for the 
remaining labels). A search is performed individually through all nodes to know which configuration leads to the 
highest potential at that node. Then, the label corresponding to that configuration is assigned to the node.  

The Laplace equation can be solved implicitly as a linear system of equations.  

The weight w between two neighboring nodes is computed according to a Gaussian distribution: 

𝑤𝑤𝑖𝑖𝑖𝑖 = 𝑒𝑒�−𝛽𝛽�𝑔𝑔𝑖𝑖−𝑔𝑔𝑗𝑗�
2� 

 
where 𝑔𝑔𝑖𝑖 and 𝑔𝑔𝑖𝑖 represent pixel intensities at two neighboring nodes, and β defines the standard deviation of the 
distribution. Then, a node’s degree d is: 

𝑑𝑑𝑖𝑖 = �𝑤𝑤𝑖𝑖𝑖𝑖 ,∀ nodes 𝑣𝑣𝑖𝑖  incident on 𝑣𝑣𝑖𝑖   

L is the combinatorial Laplacian matrix: 

𝐿𝐿 = � 
 𝑑𝑑𝑖𝑖   , if 𝑖𝑖 = 𝑗𝑗                                

−𝑤𝑤𝑖𝑖𝑖𝑖  , if 𝑣𝑣𝑖𝑖  and 𝑣𝑣𝑖𝑖  are neighbors
0 , otherwise                      

 

By reordering L, we obtain a square matrix for the marked (labeled) nodes 𝐿𝐿𝑀𝑀 and a square matrix for the unlabeled 
nodes 𝐿𝐿𝑈𝑈 .𝐵𝐵𝑇𝑇 is the transpose of B, which are the remaining elements of L after reordering: 

𝐿𝐿 =  �
𝐿𝐿𝑀𝑀 𝐵𝐵
𝐵𝐵𝑇𝑇 𝐿𝐿𝑈𝑈

� 

M is a matrix that specifies for which label s the system is solved by: 

𝑀𝑀𝑖𝑖𝑠𝑠 = � 1, if 𝑣𝑣𝑖𝑖  has label 𝑠𝑠
0, if 𝑣𝑣𝑖𝑖  does not have label 𝑠𝑠 

Finally, the linear system is 

𝐿𝐿𝑈𝑈𝑥𝑥𝑈𝑈 = −𝐵𝐵𝑇𝑇𝑀𝑀 

where 𝑥𝑥𝑈𝑈 are the probabilities of the unmarked nodes, which has N rows (number of unlabeled nodes) and S columns 
(number of labels). Since every row of 𝑥𝑥𝑈𝑈 adds to unity, the last column can be obtained by subtraction, thus solving 
S − 1 linear systems. 

 
2.1. Implementation 

The only user-dependent parameter of the RW is β, which is employed during the edge weight computation and 
defined by a Gaussian distribution (see Equation 1). β is also defined as the inverse of twice the variance: 

𝛽𝛽 =
1

2𝜎𝜎2
 

Lower σ enhances intensity similarities over the image, whereas higher σ increases the geometrical relevance of the 
prior labelling. Visual inspection of the images reveals that weak boundaries have an intensity gradient of 5 gray 
levels. Thus, 3σ is set to 5 (β = 0.18) to reduce user-dependency while maintaining a high boundary adherence.  



The algorithm has been implemented in C++ using ITK1 [35] and Eigen32 [36]. To speed up the computation, the 
image size, and consequently, the linear system, is cropped by adjusting the region of interest to the placenta area. We 
use the biconjugate gradient stabilized method (BiCGStab) [37] along with Jacobi preconditioning to find 
an optimal solution for 𝐿𝐿𝑈𝑈. Since the linear system can be defined with 10-100 million unknowns, a GPU-
accelerated RW has been approached. The GPU BiCGStab solver was implemented using CUDA3 (CUBLAS 
and CUSPARSE). Both CPU and GPU RW workflows are displayed in Table 1. The CPU and GPU used are, 
respectively, an Intel i7-7700 CPU and a GTX 1080 Ti. To facilitate the portability of our RW implementation, we 
have also developed a plugin for the Medical Imaging Interaction Toolkit (MITK)4 with a clear and concise graphical 
user interface (Figure 2). A stable version is available at: github.com/enricperera/mitkRWSegmentationPlugin. 

 

Table 1 Workflow of the RW algorithm for CPU and GPU implementations 

 

 
1 The Insight Segmentation & Registration Toolkit (ITK): https://itk.org 
2 Eigen3: http://eigen.tuxfamily.org 
3 CUDA: https://developer.nvidia.com/cuda-toolkit 
4 The Medical Imaging Interaction Toolkit (MITK): http://mitk.org 

https://github.com/enricperera/mitkRWSegmentationPlugin


 

Fig. 2 Screenshot of the RW GUI. The proposed plugin is displayed in the right column. An input image and the labels 
must be specified, as well as the beta parameter and the computation engine (CPU/GPU). 

 

2.2. Placenta and vessel segmentation  

The proposed methodology consists of two RW iterations which are performed to reduce user interaction without 
compromising accuracy. After an initial manual labelling, the whole process is executed automatically. The first 
iteration is used to obtain a rough approximation of the placenta volume whereas the second iteration combines the 
aforementioned rough segmentation with the initial detection of the vasculature. The workflow is depicted in 
Algorithm 1 and Fig. 3.  

 



 

Fig. 3 Prior initialization and fusion workflow. Placenta, vessels and background are represented in red, green and 
blue, respectively. a) Doppler US image, b) 1st iteration prior, c) placenta and vessel mask of the 1st RW output, d) 
vasculature Otsu labelling, e) 2nd iteration prior, and f) segmentation of the placenta and its vasculature. 

 

The prior for the first iteration consists on labelling a set of axial slices through the entire stack. A labelling protocol 
similar to the one proposed by Stevenson et al. (2015) [9] is established. The slice previous to the initial slice with 
placental zones is seeded as background. The next tenth slice (towards the center of the placenta) is also seeded. The 
same procedure is performed at the other extreme of the volume. The remaining volume is labeled every twentieth 
slice. On each of these slices, two different regions are manually labeled: placenta and background. Vessels are then 
labelled automatically on the same slices as placenta by means of Otsu thresholding. A 2D morphological dilation is 
finally applied to vessels to avoid the propagation of the estimated placenta mask towards other image regions.  

The second round starts with the rough placenta mask computed on the first iteration, which is subsequently combined 
with a volumetric prior of the vessels. This time, Otsu thresholding is applied through the entire stack to obtain the 
vasculature labelling. Pixels with overlapping labels are left unseeded. The RW is thus computed again with the new 
prior to obtain the final placenta and vessel segmentation. 

 

3. Results 
3.1. Segmentation accuracy 

The data collected is composed of 5 monochorionic and 24 singleton pregnancies with 3D Doppler HD-flow US 
acquisitions obtained from BCNatal. The equipment used was a Voluson E10 from GE Healthcare, with probe eM6C 
(curved electronic matrix 4D). The gestational age of pregnant women range from 16 to 36 weeks. The images were 
converted to gray scale for analysis. 

Visual inspection reveals that our placenta segmentation is accurate (see Fig. 4). The segmentation of this organ with 
the amniotic fluid is well-defined, but some borders with low texture gradient are miss-segmented (see Fig. 4 second 
and fourth rows). Additionally, some US stacks present shadows, but the RW performs successfully if texture 
information is not fully hidden (see Fig. 4 second row). The boundaries of hyperintense vessels are precisely 
delineated, but the RW fails to reconstruct the whole vascular tree. Moreover, fetus vasculature is also segmented as 
well as noise derived from low speed amniotic fluid motion due to its resemblance with hyperintense vessels (false 
positives).  



In 75% of singleton cases, the umbilical cord insertion and the thick vessels that emanate from it are accurately 
detected (see Fig. 4 first to forth rows). In monochorionic pregnancies, both umbilical cord insertions are detected in 
two out of five cases (see Fig. 4 fifth row). Only one cord insertion was localized on the remaining three cases.  

 

Fig. 4 Multi-class segmentation of five cases (rows) with five different slices (columns). Placenta and its vasculature 
are shown in red and green, respectively. Cyan arrows show false positives of the placenta. Purple arrows indicate 
false positives of the vasculature. Yellow circles indicate the umbilical cords insertions. 

 

Three different users, two clinicians (NM and BVA) and one non-clinician (EPB), independently labelled the RW 
prior for all the 29 datasets. Additionally, manual annotation by EPB was taken as ground truth for 20 axial slices per 
dataset (out of the 245 each image has) randomly separated from 1 to 30 slices and ensuring placenta was visible in 
all of them. The annotations were revised to fine-tune the borders with features identified by the clinicians NM and 
BVA. Dice and Jaccard coefficients, and volumetric similarity (VS) were computed against the ground truth, which 
are defined 

𝐷𝐷𝑖𝑖𝐷𝐷𝑒𝑒 =  
2|𝑉𝑉𝑆𝑆 ∩ 𝑉𝑉𝐺𝐺𝑇𝑇|
|𝑉𝑉𝑆𝑆 + 𝑉𝑉𝐺𝐺𝑇𝑇|  

𝐽𝐽𝐽𝐽𝐷𝐷𝐷𝐷𝐽𝐽𝐽𝐽𝑑𝑑 =  
|𝑉𝑉𝑆𝑆 ∩ 𝑉𝑉𝐺𝐺𝑇𝑇|
|𝑉𝑉𝑆𝑆 ∪ 𝑉𝑉𝐺𝐺𝑇𝑇| 

𝑉𝑉𝑉𝑉 =  1 −
|𝑉𝑉𝑆𝑆 − 𝑉𝑉𝐺𝐺𝑇𝑇|
|𝑉𝑉𝑆𝑆 + 𝑉𝑉𝐺𝐺𝑇𝑇| 

with 𝑉𝑉𝑆𝑆 and 𝑉𝑉𝐺𝐺𝑇𝑇 being the segmentation volume and the ground truth volume, respectively. In singleton patients, the 
segmented placenta scored an average Dice, Jaccard and VS of 85.5%, 74.9% and 93.5%, respectively, and 84.0%, 
72.7%, and 91.6% in monochorionic cases. Vessel reconstruction registered, in the same order, 58.4%, 43.9% and 
69.9% in singletons, and 56.9%, 40.4%, and 66.2% in twins. The individual coefficients for each user are represented 
in Table 2. Additionally, due to the lower accuracy of the vessel segmentation, we performed manual corrections in 
the 5 monochorionic cases and obtained a significant improvement (Dice = 86.4 ± 3.7%, Jaccard = 76.0±5.7% and 
VS = 95.1±3.2%). 



 

 

Table 2 Segmentation accuracy of singleton and monochorionic pregnancies (average ± standard deviation) 

 

 

Additionally, Dice and Jaccard coefficients, and VS were computed between the segmentations from the three users. 
The reported segmentation results show relatively low variability rates between expert and amateur users, both in 
singleton and monochorionic cases (see Table 3). Placenta detection presents good agreement between clinicians (Dice 
≥ 78.7%), and the non-clinician user (Dice ≥ 76.8%). In the same line, vessel segmentation performance is similar 
among users (Dice ≥ 96.5%). 

 

Table 3 Inter-user segmentation variability of singleton and monochorionic pregnancies (average ± standard 
deviation) 

 

 

3.2. Segmentation time 

The workflow of this multi-class segmentation process is divided mainly into two steps, manual prior initialization 
and algorithm computation. The former takes an average of 271 ± 71s for EPB, 198 ± 53s for NM, and 209 ± 37s for 
BVA, whereas the computation time takes 444 ± 146, 528 ± 136s and 502 ± 173s, respectively. There is no labelling 
time difference between singleton and twin cases. The entire workflow period of the methodology takes nearly around 
715, 726 and 710 seconds for EPB, NM and BVA, respectively. The manual correction of the vasculature segmentation 
was only performed by EPB and it took 32.2 ± 7.9 min. 



Table 4 shows that our GPU implementation speeds up the computation 10.6 times compared to CPU. Although a 
higher performance ratio (x11.8) is obtained in the second iteration, the first round leads to an overall reduction of 
more than 400 seconds. Extra time is consumed during the memory allocation, and data copy to the graphics card, 
which takes 3.74 ± 0.99 and 1.37 ± 0.06 seconds for the first and second iteration, respectively. Table 3 shows the 
total usage in terms of host (CPU) and device (GPU) memory. The largest amount of memory consumption depends 
on the first iteration. The CPU implementation uses a maximum host memory of 8.7 ± 2.4 GB, whereas the GPU 
utilizes 8.5 ± 2.3 GB and 6.6 ± 2.3 GB of host and device memory, respectively. The device only stores the data related 
to the linear system, which is the most memory intensive task (around 75%). 

 

Table 4 Computation time (s) and memory usage (GB) of BiCGStab solver for CPU and GPU for the first and second 
iterations of the RW segmentation workflow (Algorithm 1), and for the overall process (average ± standard deviation) 

 

 

 

4. Discussion 
4.1. Segmentation accuracy 

The reported results were computed on a ground truth of 20 randomly selected axial slices per placental volume (i.e. 
a total of 580 annotated slices). Considering that the proposed methodology is semiautomatic, with annotations on 10 
to 20 slices, the algorithm should perform consistently and obtain an accurate segmentation on the global scale (as 
reported in a similar imaging modality in [9]). Thus, and given that our dataset is very large, we consider that the 
validation methodology proposed is sufficient for the current scenario. However, this validation procedure has a clear 
limitation as local features are not being evaluated.  

On one hand, the comparison of the proposed methodology with a ground truth reveals a high accuracy on placenta 
segmentation for both singleton (Dice = 85.5%), and monochorionic (Dice = 84.0%) pregnancies. The segmentation 
is clearly delineated against most of the surrounding tissues. However, the contact between fetus and placenta, or 
uterus and placenta, can be mis-segmented because the texture of both tissues is very similar (Figure 4 cyan arrows). 
Nevertheless, even expert clinicians state the difficulty of precisely locating these boundaries in US. These results are 
in concordance with the literature, where semi-automatic approaches outperform automatic ones: Stevenson et al. 
(2015) [9] report a Dice coefficient of 87% in B-mode US singleton images using also a RW approach, and Torrents 
et al. (2019) [30] reported the use of a fully automatic Neural Network approach, also on B-mode US, with a 72% 
Dice score. 

On the other hand, vasculature segmentation with the proposed methodology leads to lower values (Dice = 58.4% in 
singletons and Dice = 56.9% in monochorionic twins). Although for thin structures, such as vessels, Dice metrics are 
known to report lower values, as small perturbations in the segmentation lead to large variations, there are some 



limitations in the proposed methodology that are reflected with the reported Dice scores. The first one is that all vessels 
are detected by Otsu thresholding, not only the umbilical cord and the placenta vasculature, but also fetus’s veins and 
arteries. The second one is due to a Doppler ultrasonography limitation; Doppler US allows the visualization of the 
blood flow as hyperintense data unless the flow is parallel to the probe, in which case the region remains hypointense. 
Otsu thresholding is a great approach to detect the vasculature in this type of imaging, but neither Otsu nor RW can 
track disconnected hypointense vessels. Additionally, Doppler US in the uterus is highly susceptible to amniotic fluid 
waves; hyperintense waves that cover a big portion of the image and that are wrongly initialized as vessel (worst 
performing case gets a 31.7% Dice score). Thus, Otsu thresholding proves not to be an optimal initialization method 
for noisy images and/or with disconnected vascular tree. Nonetheless, for clear images the proposed methodology is 
a valid approach, as we also achieved Dice coefficients up to 87.1% in vasculature segmentation.  

A low variability among users for both placenta (Dice ≥ 78.7%) and vessels (Dice ≥ 96.5%) segmentation was 
achieved. Placenta segmentation performs consistently, and minimal effect is found in the vasculature due to an 
automatic, Otsu, initialization. These results prove that RW is an effective methodology for placenta segmentation, 
not only in B-mode US, as reported by Stevenson et al. (2015) [9] with a 91% Dice agreement, but also in Doppler 
ultrasonography. Additionally, fine-tuning β parameter to guarantee boundary adherence across different imaging 
sites should be further explored. 

Clinicians observed that in monochorionic pregnancies 70% of the umbilical cord insertions are detected (both cords 
in two cases, one cord in the other three), and 75% in singletons. The cords that are not detected are an imaging 
drawback, rather than an algorithmic one. Cords can be hidden between the fetus and the placenta or can fall outside 
the US field-of-view. This anatomical landmark could be used to locate the vascular hemisphere. Hence, the incision 
point of the fetoscope can be planned to rapidly burn the abnormal connections, which will significantly reduce the 
intervention time and risks, even if the exact anastomoses to coagulate are not specifically detected. 

 

4.2. Segmentation time 

Cheong et al. (2010) [8] performed placenta measurements using VOCAL. Authors needed 6.2 minutes on average to 
delineate the contours of 10 US slices. Considering that we label from 10 to 15 US slices in 3.2-4.5 minutes, an 
improvement is clearly made over VOCAL on the manual initialization procedure. These results are is also in line 
with the 2.9 ± 0.5 minutes needed for RW initialization in [9]. However, we report a much higher computation time 
of 449s, compared to 43.6s, which could be explained by the large size of our dataset (948 x 718 x 245 pixels). Note 
that the time to find an optimal solution is directly proportional to the image size.  

Gokławski et al. (2015) [38] proposed a RW GPU implementation. However, they reduced the graph size through 
super-pixel techniques due to GPU memory restrictions. Therefore, the RW capability to correctly evaluate weak 
boundaries was somewhat lost. For datasets with 28-88 million voxels, authors reported RW computation times of 14-
47 seconds. Although our approach requires around 8.5 GB and 6.6 GB of host and device memory, it provides similar 
times for similar sized datasets (11-69 seconds for stacks with 28-103 million voxels) without data reduction. 
Additionally, the fully automatic approach of Torrents et al. (2019) [30] takes 45 seconds for placenta and 5 minutes 
for the vasculature, which is similar to ours that also takes around 5 minutes for the manual initialization and the 
computation. 

 

4.3. TTTS treatment planning 

TTTS is a critical condition for the fetuses that needs to be treated as soon as possible after diagnosis, ideally within 
first 24 h after diagnosis in more severe cases. Once the patient has given consent for surgery, it takes around 1 hour 
to prepare the operation room. Thus, there is a short period of time to perform treatment planning, hence (near) real-
time performance is needed. On one hand, manual segmentation is too cumbersome. On the other hand, our 
methodology (manual initialization + computation) takes around 12 minutes using a CPU as a computation engine, 
and only 5 minutes with the GPU. However, it  leaves some placental surface vessels unconnected and it is quite 



susceptible to noise (see section 4.1), so manual corrections must be performed. Whereas 4 out of 5 cases had an initial 
accuracy of Dice ≥ 59.6% and took 30 minutes or less to revise, the other one took 43.6 minutes (Dice = 38.2%). For 
the first scenario the total segmentation time (manual initialization, algorithm execution, and manual corrections) is 
around 40-45 minutes, which leaves just enough time to plan the intervention (15-20 minutes). However, we observe 
that in the second scenario, with low initial accuracies (Dice < 50%), there is not enough time left to plan the 
intervention. Thus, it would be preferable to skip the corrections and consider only the detected umbilical cord’s 
insertion points, as the fetoscope insertion can still be planned even if the exact anastomoses are not specifically 
detected pre-operatively. 

The work of Stevenson et al. (2015) [9] proposed an accurate methodology to segment the placenta. However, their 
goal was not focused on TTTS and, thus, vasculature segmentation was not explored. We have extended their approach 
enabling it for fetoscopic laser coagulation planning, with vasculature segmentation and umbilical cord insertion point 
detection. An already existing tool for TTTS planning, with a promising fully automatic workflow, is that of Torrents 
et al. (2019) [30]. However, it requires of MRI and (optionally) US and US Doppler to enhance vasculature 
segmentation. Considering that US is the standard procedure for TTTS diagnosis and that MRI is not required, our 
simpler approach makes it possible to plan the intervention in those centers that do not include MRI in their standard 
protocol for fetal pathologies.  

 

5. Conclusions 

We have proposed a GPU-accelerated scheme for multi-class US segmentation to speed up the TTTS surgical 
planning. Our RW implementation is generic in the sense that it can be used among doctors with different levels of 
expertise to segment the placenta, its vasculature and both umbilical cord insertions. Even though we did not 
specifically extract the abnormal anastomoses but the whole vascular tree, a placental map is rendered which can be 
extremely useful for TTTS treatment planning. A low inter-user variability, a fast initialization and an optimized GPU 
computation allow for a rapid decision of fetoscope insertion point and to plan the path to reach all the anastomoses. 
The proposed RW methodology can be potentially used for treatment planning of other fetal diseases and pathologies.  

Future work should cover the following limitations. Firstly, a noise filtering scheme is required to reduce the sensitivity 
of the Doppler effect and improve vasculature detection. Since US images are corrupted with speckle and reverberation 
noise inherently, blood vessels are occasionally confused with this sort of artifacts. Secondly, the peripheral 
anastomoses need to be selected from the entire vasculature to efficiently plan the TTTS surgery. Thirdly, although 
the manual initialization time (around 4 minutes) is acceptable for use in daily clinical practice, a faster and/or 
automatic approach should be considered. 
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