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a b s t r a c t 

Instrument segmentation plays a vital role in 3D ultrasound (US) guided cardiac intervention. Efficient 

and accurate segmentation during the operation is highly desired since it can facilitate the operation, re- 

duce the operational complexity, and therefore improve the outcome. Nevertheless, current image-based 

instrument segmentation methods are not efficient nor accurate enough for clinical usage. Lately, fully 

convolutional neural networks (FCNs), including 2D and 3D FCNs, have been used in different volumet- 

ric segmentation tasks. However, 2D FCN cannot exploit the 3D contextual information in the volumetric 

data, while 3D FCN requires high computation cost and a large amount of training data. Moreover, with 

limited computation resources, 3D FCN is commonly applied with a patch-based strategy, which is there- 

fore not efficient for clinical applications. To address these, we propose a POI-FuseNet, which consists 

of a patch-of-interest (POI) selector and a FuseNet. The POI selector can efficiently select the interested 

regions containing the instrument, while FuseNet can make use of 2D and 3D FCN features to hierarchi- 

cally exploit contextual information. Furthermore, we propose a hybrid loss function, which consists of a 

contextual loss and a class-balanced focal loss, to improve the segmentation performance of the network. 

With the collected challenging ex-vivo dataset on RF-ablation catheter, our method achieved a Dice score 

of 70.5%, superior to the state-of-the-art methods. In addition, based on the pre-trained model from ex- 

vivo dataset, our method can be adapted to the in-vivo dataset on guidewire and achieves a Dice score of 

66.5% for a different cardiac operation. More crucially, with POI-based strategy, segmentation efficiency is 

reduced to around 1.3 seconds per volume, which shows the proposed method is promising for clinical 

use. 

© 2020 The Author(s). Published by Elsevier B.V. 

This is an open access article under the CC BY license ( http://creativecommons.org/licenses/by/4.0/ ) 
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. Introduction 

Recently, image-based instrument detection in ultrasound- 

uided intervention has been studied, because it is radiation-free 

or both patients and surgeons. Ultrasound (US) provides a better 

haracterization between instrument and tissue than conventional 

uoroscopy, also avoiding contrast agents that may damage organs. 

oreover, 3D US provides a better spatial description than tradi- 

ional 2D X-ray and offers more clear visualization of the spatial 

elationships for a sonographer. Nevertheless, manually segment- 

ng an instrument in the 3D US is always challenging and difficult 
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ecause of the complex anatomical structure visualized in the US 

nd the low-resolution imaging of the US in general. Therefore, to 

uide the intervention, an efficient and accurate instrument seg- 

entation in the 3D US is highly desired for clinical practice. 

.1. Related Work 

The commonly studied instrument detection methods can be 

lassified into external device-based methods and image-based 

ethods. By comparing these two approaches, device-based meth- 

ds are not widely adopted in practice, such as active sensing 

 Guo et al., 2014 ) or robotic-based guidance ( Nadeau et al., 2014 ).

his is due to their requirement for extra equipment in the op- 

ration, extra cost for hospital and extra approval for manufactur- 

ng companies. Alternatively, image-based methods provide a more 
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onvenient solution in 3D US with limited constraints in practice. 

lthough, image-based instrument detection or segmentation in 

D US has been studied during past years, the studies in this area 

re still limited. From the view of methodology, these works can 

e classified into two categories: non-learning-based methods and 

earning-based methods. 

Non-learning-based methods: Before the popularity of ma- 

hine learning in computer vision area, traditional computer 

ision technologies were applied on 3D US to detect medi- 

al instrument by analyzing geometry and intensity properties 

f the instruments, such as shapes, intensity distribution, etc. 

ovotny et al. (2003) proposed to apply Principal Component Anal- 

sis (PCA) on a thresholded 3D US volumetric data, which was 

erived by applying cluster analysis to select the most possible 

egion as the detected instrument. Barva et al. (2008) applied 

adon Transformation on 3D US volume to accumulate intensity 

alue, which was used to localize the straight electrode in 3D 

S. Similar to Radon Transformation, Zhou et al. (2007) proposed 

o detect the needle by line description in 3D space by 3D Ran- 

om Hough Transformation. With a more advanced spatial and in- 

trument model description in 3D space, Zhao et al. (2013) pro- 

osed to apply line filter in 3D US, which can roughly filter out 

eedle like structure in 3D images. Then the 3D RANdom SAm- 

le Consensus (RANSAC) algorithm is applied to select the most 

onfidential region as the target instrument. At the same period, 

ao et al. (2013) proposed to apply template matching on 3D US 

olume to detect the catheter with complex post-processing, which 

chieved successful detection results with a strong assumption of 

atheter direction in the images. In the above approaches, RANSAC 

ith line filtering achieved a more promising performance, which 

s because of a better thresholding for 3D US and efficient model 

escription by RANSAC. However, the above approaches still have 

imitations like: (1) With limited discriminating information by 

hresholding method, it is hard to extract accurate 3D regions for 

nstrument detection. (2) Most of the above methods were vali- 

ated on simulated 3D images or phantom data, which are signif- 

cantly different than real clinical applications. (3) Strong assump- 

ion of instrument shape and direction, which leads to a unsatis- 

ed generalization of their proposed methods. Therefore the above 

ethods were not fully make use of instrument-related informa- 

ion. 

Learning-based methods: This approach has been studied in 

ecent years, which classifies voxels into category of instrument 

r non-instrument. Handcrafted features were proposed by con- 

idering Frangi vesselness filter ( Uher ̌cík et al., 2013 ), Gabor fil- 

erbank ( Pourtaherian et al., 2017 ), time-domain statistical feature 

 Beigi et al., 2017 ) or multi-definition features ( Yang et al., 2019d ),

hich achieved reasonable instrument segmentation results albeit 

ith complex post-processing. However, these methods are less 

obust or partly inefficient when US images are recorded from 

 complex anatomical environment, due to the voxel-based pro- 

essing. Recently, deep learning, such as convolutional neural net- 

orks (CNNs) or fully convolutional neural networks (FCNs), had 

een intensively studied and applied for medical imaging-related 

reas ( Litjens et al., 2017 ). CNNs are applied as a classifier to dis-

inguish the category of the voxels in the 3D US, which are used 

o segment medical instruments in the 3D US image. A voxel-of- 

nterest-based CNN pipeline ( Yang et al., 2019c ) was proposed to 

egment the instrument for cardiac intervention. The Frangi ves- 

elness filter ( Frangi et al., 1998 ) is firstly applied to select the the

ossible voxels belonging to the instrument globally, and then a 

NN is subsequently applied to classify the remaining voxels. This 

ethod avoids iterative voxel prediction on the full volume and 

chieves an inference time of 10 seconds on the average per vol- 

me. However, this efficiency is still far from real-time clinical ap- 

lication. Later, slice-based semantic segmentation was applied on 
2 
D US images to segment the instrument efficiently ( Pourtaherian 

t al., 2018; Yang et al., 2019a ). Nevertheless, this 2D approach 

as limited performance due to the slice-based strategy, which 

ampers the 3D information usage. Alternatively, patch-based 2.5D 

 Yang et al., 2019b ) and 3D ( Yang et al., 2019e ) semantic segmenta-

ion methods were proposed to segment the instrument in 3D US. 

imilar to voxel-based methods, straightforward iterative patch- 

ased prediction on a full volume requires considerable computa- 

ion time, which is not attractive for real-time applications (typi- 

ally spend more than 10 seconds per volume). Furthermore, the 

egmentation performances ( Yang et al., 2019b; 2019e ) are not op- 

imized because of their limited information usage by a single net- 

ork designing with limited training samples. At the same time, 

rif et al. (2019) proposed to directly apply a drastically simpli- 

ed 3D UNet on liver US volume to detect the needle. Although 

heir method achieved promising results in the application of 3D 

iver US, its stability and accuracy are still need to be exploited in 

 more challenging dataset and recording conditions, such as car- 

iac ultrasound. There are some studies on instrument detection 

r segmentation in 2D US ( Hacihaliloglu et al., 2015; Hatt et al., 

015; Mwikirize et al., 2019 ), but they are focusing on in-plane 

nstrument, being different than the 3D US-based tasks. By com- 

aring the literatures in the instrument detection, non-learning- 

ased methods are usually worse than the learning-based- 

ethod due to limited model description and challenging US 

mages. 

.2. Proposed Method 

To address above limitations in segmentation efficiency and 

ccuracy, we propose a patch-of-interest-based FuseNet (POI- 

useNet) method for instrument segmentation in the 3D US. The 

roposed method consists of two main steps with coarse-to-fine 

ipeline, which is shown in Fig. 1 : (1) Slice-based UNet for coarse 

egmentation and POI selection, and (2) FuseNet for a finer seg- 

entation on the selected patches. The first step applies a Slice- 

ased UNet on the 3D US image for a fast segmentation, which has 

 better architecture than the conventional slice-based segmenta- 

ion strategy. The purpose of this network is to roughly segment 

he instrument in 3D US and select the potential regions as the in- 

ut for the second step in an efficient way. As a consequence, the 

umber of patches to be segmented by the second stage FuseNet 

an be drastically reduced for a faster execution than conventional 

xhuastive approaches. More specifically, to accelerate the predic- 

ion efficiency, we propose a skipping slicing strategy with spatial 

ownsampling in 3D US, which therefore reduces the complexity 

f the slice-based prediction. As a result, the full-volume predic- 

ion time is significantly reduced compared to conventional ap- 

roaches ( Pourtaherian et al., 2018; Yang et al., 2019a ). With the 

oarsely segmented instrument in 3D US, patches overlapped with 

he prediction result are extracted for the next step. The second 

tage is based on a patch-based FuseNet, which combines two in- 

ividual networks, Direction-fused UNet and 3D Pyramid UNet, by 

eature level fusion, to better exploit 3D contextual information 

han the existing 2.5D or 3D methods. The Direction-fused UNet 

s constructed based on 2D UNet with direction-based feature op- 

rations, which can mainly exploit spatial information within 2D 

lices of 3D patch. Considering it cannot fully make use of the 

nformation of the input patch due to the 2D convolutions in 3D 

pace, a 3D Pyramid UNet is introduced in parallel to exploit the 

D information within the 3D patch at higher information level. 

he two networks are complementary to each other. With the fea- 

ure fusion, the proposed FuseNet can better explore the infor- 

ation in the patch for instrument segmentation. To better su- 

ervise the FuseNet, a hybrid loss function is introduced to allow 

he network to learn the pixel-level and image-level discriminat- 
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Fig. 1. Pipeline of the proposed POI-FuseNet. The input volumetric image is pre-processed by a slice-based segmentation stage to generate a coarse segmentation, which 

indicates the possible regions including the instrument. Then, the patch-of-interest (POI) is selected and processed by a patch-based FuseNet for fine segmentation, which 

generates instrument segmentation results in 3D US. 
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ng information simultaneously. With collected ex-vivo dataset for 

F-ablation catheter under challenging conditions, we have thor- 

ughly validated the proposed method for instrument segmenta- 

ion and achieved the Dice score of 70.5%, which is better than the 

tate-of-the-art methods by a large margin of at least 10% improve- 

ent. More specifically, the proposed FuseNet achieves around 3% 

igher DSC score than the backbone UNet. Meanwhile, the pro- 

osed hybrid loss further improves performance with 3% DSC. Fur- 

hermore, we conducted experiments on a in-vivo dataset collected 

or guidewire segmentation (in TAVI operation). Considering the 

imited images of in-vivo dataset, we performed fine-tuning on 

he pre-trained model from the ex-vivo dataset, which achieved 

he Dice score of 66.5% and is better than directly training from 

cratch. More crucially, the prediction time is reduced from around 

0 seconds to around 1.3 seconds per volume, which shows a 

romising efficiency for clinical use. 

Our contributions are summarized as threefold. First, we pro- 

ose an efficient POI-based pipeline for the instrument segmen- 

ation task, to reduce the computational cost for a fine-grained 

atch-based segmentation. The pipeline adopts an efficient slice- 

ased UNet, to coarsely select the POI. Second, a FuseNet is pro- 

osed based on Direction-fused UNet and 3D Pyramid UNet, which 

xploits inter-and intra-slice information with 3D contextual infor- 

ation for a better segmentation performance. Third, we propose 

 novel hybrid loss function, which allows the network to learn 

he pixel-level and image-level discriminating information simul- 

aneously. Compared to our preliminary conference paper at MIC- 

AI 2019 ( Yang et al., 2019e ), we have extended the segmentation 

ipeline by introducing a pre-processing network as the POI selec- 

ion, which reduces operation cost of full 3D patch-based segmen- 

ation. With the corse-to-fine strategy, the instrument segmenta- 

ion efficiency is around 10 times faster than our original method. 

oreover, we proposed a more advanced 3D segmentation net- 

ork for patch-based segmentation task, which combines 2.5D and 

D information simultaneously and therefore achieves more robust 

esults. With extended literature review on medical instrument de- 

ection in 3D US, we have conducted comprehensive experiments 

n this paper where 60% experiments are new with respect to the 

ICCAI paper. The proposed method is described in Section 2 . The 

ataset and implementation details are shown in Section 3 . Exper- 

mental results are presented in Section 4 . Finally, discussion and 

onclusion are given in Section 5 . 

. Our Methods 

The proposed approach includes two-stage coarse-to-fine seg- 

entation. The overview of the proposed POI-FuseNet is shown in 

ig. 1 . The input 3D US volume is first processed by a Slice-based

Net, to efficiently and coarsely segment the instrument in the 3D 

olume. The volume is divided into small patches without over- 

apping and the POIs, i.e., the patches overlapped with the coarse 

egmentation, are used as the input for the second-stage FuseNet 

egmentation. More details are discussed as follows. 
3 
.1. Slice-based UNet for Coarse Segmentation and POI Selection 

When applying 3D UNet to the whole image for ROI-based fea- 

ure extraction and segmentation ( Huang et al., 2018 ), the key 

hallenge is the limited GPU memory for complex 3D operations. 

esides, the instrument has a large variance in length and loca- 

ion inside the 3D space, which is typically ranging from 9 to 100 

oxels. As a consequence, it is challenging to apply the feature- 

ap-based ROI in our task, which is designed for colorectal tumor 

egmentation ( Huang et al., 2018 ). Alternatively, when applying the 

atch-based segmentation, the two-stage coarse-to-fine strategy is 

ommonly adopted to avoid exhaustive segmentation in 3D space. 

herefore, an efficient patch-of-interest selection is needed for the 

D patch-based network. The 2D slice-based UNet was originally 

roposed to segment the instrument ( Pourtaherian et al., 2018 ), 

hich is however processes limited 3D spatial information and ob- 

ains worse performance than 3D UNets. Moreover, the iterative 

lice-by-slice prediction leads to computation redundancy and re- 

uces time efficiency, especially when considering this approach 

s a pre-processing method to extract POIs. With these consider- 

tions, we propose a Slice-based UNet with downsampled predic- 

ion using spatial skipping slice extraction to improve the predic- 

ion efficiency and provide a coarse segmentation result. 

The pipeline for the full-volume prediction is shown in Fig. 2 . 

onsidering a simple example, the input volume with the size of 

 

3 voxels is decomposed into 2D slices along the principal direc- 

ion, which is denoted as set M . This set is iteratively downsam- 

led on the slice basis to a ratio of K , and called M K . For each 2D

lane in M K , by extracting its two adjacent planes with spatial gap 

 1 from the original set M , a 3-channel image is constituted and 

sed as the input for the Slice-based UNet. The Slice-based UNet 

s constructed based on the VGG16 encoder ( Simonyan and Zisser- 

an, 2014 ), since it was proven to be a successful backbone for 

nstrument segmentation task in US images ( Pourtaherian et al., 

018; Yang et al., 2019a ). As is shown in Fig. 2 , Slice-based UNet

as convolutional layers with 5-level Maxpooling. After the last 

axpooling layer, the subsequent convolutional layers have ker- 

el numbers 1024, 1024, and 2. After those layers, 4 deconvolu- 

ional layers are following, which all have equal kernel sizes of 

 × 2. Moreover, for each deconvolutional layer, an additional con- 

olution operation is added to improve stability. To exploit more 

iscriminating information at different scales, skipping connec- 

ions are considered to construct the UNet structure. To further 

mprove the performance of UNet, deep supervision ( Dou et al., 

016 ) is employed at different feature scales at the decoder. With 

he proposed spatial downsample slicing strategy, the output vol- 

me is obtained with a faster prediction for coarse segmenta- 

ion. To address the challenging case that the instrument cross- 

ng the slices with small footprint, an orthogonal slicing strategy 

long elevation and lateral direction is adopted in the coarse seg- 

entation ( Pourtaherian et al., 2018; Yang et al., 2019a ) as the 

omplementary to the spatial stride d 1 . Because more spatial in- 

ormation of the instrument can be observed, this is better than 
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Fig. 2. Slice-based UNet architecture for coarse instrument segmentation. Slicing is applied along lateral and elevation directions. 

Fig. 3. Input patch of FuseNet, which has a size of (D + S) 3 . D is the non- 

overlapping patch size while S is padding parameter to compensate boundary. Left: 

3D patch visualization, where red patch has a size of D 3 and dash patch has a size 

of (D + S) 3 . Right: 2D slice example from 3D patch 
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he case where only applying single direction slicing during the 

raining. 

As a consequence of deconvolution operation and input set 

 K , the output prediction is downsampled to a ratio of K when 

ompared to the original input image in each dimension. The 

ownsampled prediction is upsampled to its original size by in- 

erpolation. Thresholding and connectivity analysis are applied to 

elect the two largest connected components as the POI volume 

or patch extraction. Given the input image, the 3D volumetric data 

s divided into small non-overlapping patches with size D 

3 voxels. 

y comparing the coarse segmentation and pre-allocated patches, 

atches containing coarse predictions are extracted as the input 

or the FuseNet. It is worth to mention that because of the zero- 

adding in convolution operations for FuseNet, a (D + S) 3 -voxels 

atch is actually extracted based on the patch above, where the S 

s the compensation for information leakage at the patch bound- 

ry, which is depicted in Fig. 3 . In this paper, we select D = 32 and

 = 16 based on experimental results, which yields a balance be- 

ween efficiency and accuracy. 

.2. Patch-based FuseNet for Fine Segmentation 

In this section, a novel FuseNet for 3D segmentation is pro- 

osed, which is an extended segmentation network based on our 

revious work ( Yang et al., 2019b; 2019e ), but with more ad- 

anced network structure and design. The overview of the pro- 

osed FuseNet is shown in Fig. 4 . The methods in our previous 
4 
tudies only considered a simple and straightforward network de- 

ign. As a result, 3D spatial information cannot be fully exploited 

n the limited dataset. Alternatively, the proposed FuseNet consists 

f two individual UNet variants with different spatial operations 

or 3D patch segmentation: a semi-3D Direction-fused UNet and 

 full 3D Pyramid-UNet, which are shown in Fig. 5 and Fig. 6 ,

espectively. Intuitively, the DF-UNet exploits intra-slice informa- 

ion by using 2D feature extractor and utilizes the inter-slice in- 

ormation with high-level tensor operations. Moreover, the pre- 

rained parameters could make use of prior-knowledge from na- 

ure images to boost the segmentation performance. Nevertheless, 

his network cannot fully analyze 3D contextual information due 

o its 2D feature extractor. In contrast, the 3D Pyramid-UNet ex- 

loits the 3D contextual information in a more straightforward 

ay. Meanwhile, it also preserves more low-level information than 

he standard UNet. However, this Pyramid-UNet may not be prop- 

rly trained with the limited data. More crucially, it is challenged 

y higher GPU memory cost and limited field-of-view (compared 

o DF-UNet). To address these limitations, the FuseNet is proposed 

ith high-level feature fusion. By doing so and with the end-to- 

nd jointly training, the high-level representative features from 

wo branches are jointly optimized for a better segmentation. Nev- 

rtheless, the FuseNet comes with the complex 2D-3D tensor op- 

ration, which leads to a longer predictions time than the straight- 

orward and simplified 3D UNet. Moreover, by integrating two dif- 

erent networks on a single GPU, the overall complexity would 

e increased due to unparalleled network queue. By applying the 

oarse-to-fine strategy, this efficiency problem is addressed while 

he segmentation accuracy of the FuseNet can be preserved. As a 

esult, the overall prediction efficiency is improved with more than 

0 times acceleration. The details of the Direction-fused UNet and 

D Pyramid UNet are discussed below. 

Direction-fused UNet: For an input patch with size (D + S) 3 , it 

s decomposed into D + S planes along each axis. For each plane, 

 3-channel image is formed based on the adjacent images of the 

ctual plane with spatial gap d 2 voxels along the axis, which is 

hown in Fig. 5 . As a result, the patch leads to D + S different 3-

hannel images in each direction (padding is applied at the bound- 

ry plane). Then, each image is processed by the 2D UNet, which 

s based on a VGG16 encoder and a customized decoder. The en- 

oder is based on the VGG16 network while removing the dense 
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Fig. 4. Overview of FuseNet, which consists of Direction-Fused UNet, Pyramid UNet and a feature-fusion part. The feature maps from two different branches are concatenated 

and processed by external convolutional operations to generate the output prediction. 

Fig. 5. Overview of Direction-fused UNet, which is constructed based on a 2D UNet and feature space operations. (a) The input 3D patch is decomposed into adjacent slices 

in three different directions simultaneously, which are processed by the 2D UNet to generate slice-based feature maps. The slice-based feature maps are then permute to 

form feature maps in 3D space. (b) 2.5D image with stride d 2 as the input for 2D UNet. 

5 
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Fig. 6. Overview of Pyramid UNet, which is a 3D UNet with pyramidal input and output. The input 3D patch is reduced by maxpooling operations to generate low-level 

feature maps, which are concatenated with high-level features, so that the degradation of information is compensated. The pyramid outputs are based on deep supervision, 

which therefore allows the network to keep the discriminating information at different image scales. 
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onnections. Then, the output of the encoder is filtered by 3 con- 

olutional layers with filter numbers 1024, 1024, and 2. The de- 

oder stage includes 4 deconvolution layers with masks of 2 × 2, 

 × 2, 2 × 2 and 4 × 4 pixels, respectively. Furthermore, after each 

econvolution layer, an extra convolution operation is included to 

mooth the features, which is to avoid checkerboard artifacts from 

ransposed convolutional operations ( Odena et al., 2016 ). We con- 

idered transposed layer instead of upsampling by interpolation, 

ince we failed to obtain the network convergency with interpo- 

ation method. To reduce the cost on the GPU memory, we per- 

orm summation instead of concatenation for skipping connections, 

herefore the GPU memory usage is reduced for FuseNet during 

he end-to-end jointly training. As shown in Fig. 5 , the images 

re processed by the proposed UNet and its output features are 

tacked based on the plane’s original position, to construct feature 

aps along three axes together with high-dimensional transposi- 

ion. Furthermore, feature maps from different axes are accumu- 

ated to form a fused feature map. Finally, the final prediction of 

F-UNet is obtained by applying a 3D convolution and a sigmoid 

ayer. For our original design, the direction-based operation for 

F-Unet was iteratively applied to extract features for each slice, 

hich is time consuming and memory demanding. Alternatively, in 

his paper, to improve the efficiency, the slices from each direction 

re formed into a mini-batch, which is then simultaneously pro- 

essed by 2D UNet for feature map generation. As a result, com- 

ared to our original method ( Yang et al., 2019b ), this new design

educes the prediction time from more than 5 minutes to around 

0 seconds per volume. 

Pyramid-UNet: The Pyramid-UNet is proposed based on a cus- 

omized 3D UNet, which has a simpler network architecture and 

voids overfitting ( Yang et al., 2017 ). As for a feature pyramid- 

ased the network, as it goes deeper, the discriminating informa- 

ion at low-level vanishes and degrades the segmentation perfor- 

ance. Even though the UNet employs skipping connections to 

reserve the low-level information between encoder and decoder, 

t still cannot adequately exploit the information at different im- 

ge scales ( He et al., 2016; Lin et al., 2017a ). To preserve more

etailed information at different image scales, we consider to in- 

roduce pyramid input branches. The pyramid inputs at different 
L  

6 
cales preserve low-level information within the encoding stage, 

hich potentially compensates the information vanish during the 

eature extraction of UNet. Furthermore, to better supervise and 

ynchronize the features at different decoder scales, we also use 

eep supervision ( Dou et al., 2016 ), but introduce an extra convolu- 

ional block for better stability. By introducing the pyramid inputs 

nd outputs to the UNet, the proposed network potentially pre- 

erves more information at different f eature scales than the stan- 

ard UNet for US images. As depicted in the Fig. 6 , the network 

as 32 kernels at the very beginning, which is gradually doubled 

s the network goes deeper. 

Feature Fusion: Based on the Direction-fused UNet and the 

yramid UNet, the feature fusion is performed to combine the fea- 

ures from different feature extractors. As shown in Fig. 4 , feature 

aps extracted from two networks, e.g. denoted by dark yellow 

quares, are concatenated prior to convolution operations, which 

ollowed by two convolutional layers with the filter number of 

4 and 12. The final prediction of FuseNet comes from the fea- 

ure fuse layer, which is indicated as red block in Fig. 4 . Although

 Li et al., 2018 ) proposed a H-DenseUNet, which integrates a 2D 

enseNet and a 3D DenseNet for tumor segmentation in 3D CT 

mages, their method did not consider the spatial correlation in 2D 

enseNet. Therefore the spatial information usage is limited when 

ompared to our proposed Direction-fused UNet. Moreover, they 

oncatenated the 2D prediction with the original image as the in- 

ut mask for 3D DenseNet, which unfortunately degrades the seg- 

entation in our case. 

.3. Hybrid Loss for Patch-based Segmentation 

To better supervise the FuseNet and to enforce it to learn more 

ontextual information rather than a conventional voxel-based dif- 

erence, such as cross-entropy and Dice loss, we propose a hybrid 

oss function. It includes a contextual loss (CL) and a class-balanced 

ocal loss (FL). As for a predicted patch and corresponding ground 

ruth, which are denoted as ˆ Y and Y , the hybrid loss function is 

efined as 

oss ( ̂  Y , Y ) = Loss FL ( ̂  Y , Y ) + Loss CL ( ̂  Y , Y ) , (1)
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Fig. 7. Overview of contextual loss, which is constructed based on a shared en- 

coder for both prediction and ground-truth patch. The feature space differences are 

measured by L 2 distance. 
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here Loss FL denotes the class-balanced focal loss and Loss CL is 

he contextual loss. For each predicted output of the FuseNet, Eqn. 

1) is applied with the same weight as unity, except the outputs 

rom deep supervision in the Pyramid UNet, which are assigned as 

.6 and 0.4 for middle and deepest layer, respectively. 

Conventionally, networks are learned by employing a voxel- 

ased loss function, such as cross-entropy or Dice loss, which 

gnores the high-level difference between prediction and ground 

ruth at a global level. To allow the network to learn a better con- 

extual representation or so-called high-level feature representa- 

ion, we propose a contextual loss, which formulates the contex- 

ual difference in a high-level feature space. The prediction and 

round truth are processed by a contextual encoder, which is de- 

icted in Fig. 7 , to generate a high-level feature vector in latent 

pace, which are denoted as S ˆ Y 
and S Y , respectively. As a conse- 

uence, the contextual loss Loss CL is characterized by 

oss CL ( ̂  Y , Y ) = || CE( ̂  Y ) − CE(Y ) || 2 = || S ˆ Y 
− S Y || 2 , (2)

here || · || 2 is the L 2 distance and CE ( · ) represents the context

ncoder in Fig. 7 . 

The loss function, such as Dice or cross-entropy, is typically 

pplied for segmentation tasks in medical imaging. However, it 

s not optimal when segmented objects have large size variations 

nd imbalanced class distributions in the ground truth ( Lin et al., 

017b ). Moreover, when the instrument has a small size in 3D 

pace and hard-classified boundary voxels are more critical than 

asily-classified voxels at the center part of the instrument, the 

ommonly used loss functions may not be optimal, especially 

or POI-based task, which requires a more accurate segmentation. 

herefore, we adopt the class-balanced focal loss function, which 

s based on binary cross-entropy and F -score loss ( Isensee et al., 

019; Yang et al., 2019a ). The proposed focal loss is defined as 

Loss F L ( ̂  Y , Y ) 

= 

(
1 − (1 + β2 ) 

∑ N 
i =1 y ci ̂  y ci 

(1 + β2 ) 
∑ N 

i =1 y ci ̂  y ci + β2 
∑ N 

i =1 y ci ̂  y ni + 

∑ N 
i =1 y ni ̂  y ci 

)
γ

−
( N ∑ 

i =1 

ω ci (1 − ˆ y ci ) 
σ log ( ̂  y ci ) + 

N ∑ 

i =1 

ω ni (1 − ˆ y ni ) 
σ log ( ̂  y ni ) 

)
, (3) 
7 
here y ci denotes an instrument voxel from the ground truth, ˆ y ci 

epresents the voxel’s prediction probability for the instrument 

lass, while y ni and ˆ y ni are non-instrument voxels and their cor- 

esponding prediction probability, respectively. Parameters β and 

 are controlling the weight between different classes, which are 

alculated as the square root of the inverse of the class ratio. Pa- 

ameters γ and σ are controlling the slope of the loss curve, which 

re empirically set to γ = 0 . 3 and σ = 2 , respectively. 

. Experiments and Implementation 

.1. Datasets and evaluation metric 

ex-vivo RF-ablation catheter dataset: The ex-vivo dataset con- 

ists of ninety-two 3D cardiac US images from eight porcine hearts. 

uring the recording, the hearts were placed in a water tank 

ith an RF-ablation catheter (Biosense Webster, NAVISTAR®DS, 7 

r ≈ 2.3 mm; Boston Scientific, Blazer TM II XP,10 Fr ≈ 3.3 mm) 

nside the heart chambers. The US probes were placed next to 

he heart to capture the images containing the instrument. Our 

ata collection setup and example 2D B-mode images are shown 

n Fig. 8 . The dataset includes volumes of size ranging from 

20 × 69 × 92 to 294 × 283 × 202 voxels, in which the voxel 

ize was isotropically resampled to the range of 0.4–0.7 mm. The 

atasets were manually annotated by clinical experts to generate 

he binary segmentation mask as the ground truth. 

in-vivo TAVI guidewire dataset: The collected in-vivo dataset 

ncludes eighteen volumes from two TAVI operations. During the 

ecording, the sonographer recorded images from different lo- 

ations of the chamber without any influence on the proce- 

ure. The volumes were recorded with a mean volume size of 

01 × 202 × 302, where the volume voxel size was resampled 

o 0.6 mm. The applied instrument in the in-vivo dataset is a 

uidewire (0.889 mm). The images were manually annotated by 

linical experts to generate the binary segmentation mask as the 

round truth. Example images are shown in Fig. 8 (e) and (f). 

he study was approved by the Medical Research Ethics Com- 

ittees United (MEC-U; study ID:non-WMO 2017-106). The study 

as classified as non-WMO by the MEC-U based on the retro- 

pective design. Therefore obtaining an informed consent was not 

eemed necessary as it conforms to the Dutch Agreement on Med- 

cal Treatment Act. All data were analyzed anonymously. 

Evaluation Metrics: To evaluate the performance of the pro- 

osed method, we consider the Dice score (DSC) and Hausdorff

istance (HD) as the evaluation metrics for different scenarios. As 

or DSC, it is defined as: 

SC = 

2TP 

2TP+FP+FN 

. (4) 

here the TP denotes true positive, FP is false positive and FN 

s false negative. The Hausdorff Distance (HD) ( Taha and Han- 

ury, 2015 ) is more sensitive to voxel mismatch between annota- 

ion voxels and the prediction voxels, and is defined as: 

D (A, B ) = max (d(A, B ) , d(B, A )) . (5) 

n Eqn. (5) , parameter d ( A, B ) is the directed Hausdorff Distance,

hich is specified by: 

(A, B ) = max a ∈ A min b∈ B || a − b|| , (6) 

here the A and B denote voxel groups from the ground truth and 

he predicted results, respectively, and a and b are voxels from the 

orresponding groups. 

As for coarse segmentation, DSC is used to evaluate the capac- 

ty of slice-based UNet, which means that for a higher DSC value 

 better POI selection can be achieved with fewer outliers. As for 

atch-based segmentation, DSC and HD are used to measure the 
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Fig. 8. (a) Our ex-vivo dataset collection setup with RF-ablation catheter; (b) Porcine heart placed in the water tank, and the US probe is placed under the heart while the 

catheter is going through the vein; (c)(d) Example slices of ex-vivo recordings with RF-ablation catheter ; (e)(f) Example slices of in-vivo recordings with guidewire . 
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etwork performances under different settings for the instrument 

egmentation task. Moreover, the average prediction time is also 

onsidered for the pipeline comparison. 

.2. Training Procedures 

The proposed method has separate networks for coarse and 

ne segmentation tasks, thus the training procedures are described 

n the sequel. For ex-vivo dataset, the images were randomly di- 

ided into 62/30 volumes for training/testing. Considering the lim- 

ted data in the in-vivo dataset, a 3-fold cross-validation was ap- 

lied with fine-tuning, which was based on the pre-trained ex-vivo 

odel for the RF-ablation catheter. 

Training for coarse segmentation: To train the Slice-based 

Net, each annotated instrument voxel in the ground truth is used 

s the center of the input sliced image, which introduces a transla- 

ion invariance in a natural way to facilitate instrument segmenta- 

ion. Non-instrument slices, i.e., slices using non-instrument voxel 

s the center point, are downsampled to the same size as the in- 

trument voxels to generate some images without instrument in- 

ide. The network is initialized based on a pre-trained VGG16 en- 

oder, and is trained by the Adam optimizer with learning rate 

f 0.0 0 0 01 using the Dice Loss. The ex-vivo dataset was trained

ased on above description while the in-vivo dataset was trained 

ith learning rate as 0.0 0 0 01 for 20 0 0 iterations based on the pre-

rained ex-vivo model. During the training, rotation, mirror, con- 

rast transformation were applied on-the-fly to augment the im- 

ges. Meanwhile, to learn case that the instrument is crossing the 

lices, the slice sampling is randomly applied along elevation or 

ateral directions, i.e. orthogonal strategy. It is worth to mention 

hat the downsample strategy is only considered in the testing 

tage to accelerate the inference efficiency, since it would degrade 

he information usage if we apply it in the training phase. 

Training for fine segmentation: The training patches were se- 

ected from instrument voxels ( Yang et al., 2019e ), where an instru- 

ent voxel is used as the patch center. With input patches and 

dam optimizer for training, the Direction-fused UNet (DF-UNet) 

nd the Pyramid-UNet are initially trained separately with mini- 

atch size 4 and 8, respectively. More specifically, the learning rate 

or DF-UNet is 0.0 0 01 while it is set to be 0.001 for the Pyramid-

Net. There are three epochs for each individual training. Based 

n the pre-trained networks, i.e., DF UNet and Pyramid UNet, the 

eature-fusion part is then jointly trained with a learning rate of 

.0 0 0 01 for one epoch, which finally generates the feature-fuse 

utput. The network is trained first by a standard the Dice Loss to 

onverge. Then, the parameters are fixed to warm up the contex- 

ual encoder for 3,0 0 0 iterations, after which the whole networks 
8 
re jointly trained by the proposed hybrid loss function until con- 

erge. The ex-vivo dataset was trained based on above description 

hile the in-vivo dataset was trained with learning rate as 0.0 0 0 01 

or 20 0 0 iterations based on the pre-trained ex-vivo model. During 

he training, rotation, mirror, contrast transformation were applied 

n-the-fly to augment the images. 

. Experimental Results 

In this section, we thoroughly validate the proposed POI- 

useNet with respect to accuracy and efficiency. Meanwhile, sev- 

ral ablation studies are also considered to validate the proposed 

omponents. 

.1. Ablation Studies 

Coarse Segmentation Performance of Slice-based UNet: Sev- 

ral performance comparisons of Slice-based UNet are conducted 

n this section. First, the variations of spatial gap d 1 between ad- 

acent slices are validated from 0 to 5. Second, the variations of 

ownsampling ratio K are tested, which is assigned as 0.25, 0.5, 

nd 1.0, respectively. The networks of ex-vivo dataset were initial- 

zed based on the pre-trained VGG16 network for ImageNet while 

he networks of in-vivo dataset were initialized based on their cor- 

esponding ex-vivo models. The results are summarized by barplots 

n Fig. 9 . Meanwhile, the inference efficiency for downsampling 

atio K = 0 . 25 , 0.5 and 1.0 are around 0.2 sec., 0.6 sec., and 2.6

ec., respectively (hybrid calculation with CPU and GPU, the most 

ime-consuming part is CPU-based slicing). We have observed that 

 larger spatial gap d 1 provides a higher performance, which is be- 

ause more spatial correlations are captured by the stride of slices. 

owever, a too large stride d 1 may degrade the performance due 

o spatial decorrelation. In terms of downsampling ratio, K = 0 . 5 

rovides a better trade-off between efficiency and performance. 

lthough K = 0 . 25 provides a higher segmentation efficiency for 

D US, detailed spatial information is missing during the slicing, 

hich therefore leads to unacceptable performance. As a conse- 

uence, we have experimentally selected hyper-parameters d 1 = 2 

nd K = 0 . 5 for the coarse segmentation method, to select the 

atch-of-interest for further experiments. Because the length of the 

nstrument inside 3D US volumes varies, the number of selected 

atches can range from 2 to 8, which is counted by automatically 

atching the coarse prediction to the pre-allocated patches in 3D 

S images. Based on experimental statistics, the average number 

f selected patches from coarse segmentation is around 5, which 

s depicted in Fig. 1 as selected POI. 
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Fig. 9. Barplots of performances for different spatial stride d 1 , downsample ratio K and datasets using the Slice-based UNet. 

Fig. 10. Barplots of performances for different spatial stride d 2 for Direction-fused UNet (DF-UNet), UNet without DF (w/o DF) and DF-UNet without transfer learning (w/o 

TF) in ex-vivo dataset. Results of DF-UNet, UNet w/o DF and DF-UNet w/o TF in in-vivo dataset are also reported. 
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Ablation Studies of Proposed DF-UNet: The ablation stud- 

es of Direction-fused UNet (DF-UNet) on the variation of spatial 

tride d 2 between adjacent slices are validated from 0 to 5. More- 

ver, we also validated whether DF-UNet achieves a better perfor- 

ance than UNet without DF, i.e., only a single branch of three in 

ig. 5 (a). The results are depicted in Fig. 10 , which are trained by

 standard Dice Loss. The networks of ex-vivo data were trained 

ith an initialized pre-trained VGG16 since it provides higher per- 

ormance than when trained from scratch (w/o TF). Similar to the 

lice-based approach, the networks of in-vivo dataset were initial- 

zed based on their corresponding ex-vivo models. From the results, 

F-UNet achieves a better performance than train from scratch 

r only considering a single direction by using a same d 2 , which 

hows a more powerful ability of transferring the knowledge of 

re-trained ex-vivo dataset. Moreover, with a larger spatial gap, a 

etter 3D space information description can be achieved. As for in- 

ivo dataset, spatial gap d 2 has less influences and variance than 

x-vivo dataset, which is because of less image variation for TAVI 

mages. Furthermore, the proposed DF-UNet is consistently better 

han train from scratch and single direction fusion in both datasets. 

ased on the results, the spatial stride is experimentally selected 

s d 2 = 3 for further feature fusion. 

Ablation Studies of Proposed Pyramid-UNet: Ablation stud- 

es of the proposed Pyramid-UNet are depicted in this section. 

pecifically, to validate the effectiveness of the components of 

yramid-UNet, following configurations are depicted. (1) Compact- 

Net trained by Dice Loss (3D Pyramid-UNet without multiple in- 
9 
ut/output). (2) Atrous Spatial Pyramid Pooling (ASPPv1) with dila- 

ion rate {1,2,4,8} based on the encoder of our proposed Compact- 

Net under guidance of Deeplab v3+ ( Chen et al., 2018 ), which 

s trained by Dice Loss. (3) With two 3D convolution layers from 

ompact-UNet, ASPP is directly applied on feature maps of original 

mage size, which means the ASPP applied on low-level directly. 

he dilation rate is same as ASPPv1 and is trained by Dice Loss. 

he model is denoted as ASPPv2. (4) Our proposed 3D Pyramid- 

Net trained by Dice Loss. The results are summarized in Table 1 . 

he basic backbone Compact-UNet provides the baseline perfor- 

ance for the ablation studies. Based on this architecture, the 

yramid input-output structure is introduced to exploit the multi- 

cale features, which extract more discriminating information at 

ifferent image scales. As a result, the segmentation performance 

s improved. As shown in Table 1 , the Pyramid-UNet outperforms 

he Compact-UNet. As depicted in Fig. 11 , Compact-UNet generates 

 noisier feature map where more outliers and blurry boundaries 

re obtained compared to the Pyramid-UNet. Compared to ASPP 

etworks, the proposed Pyramid-UNet has better performance than 

oth ASPP structures in our case. This is because the Pyramid-UNet 

tructure exploits richer complex feature relationship at different 

mage scale in both input and output branches. Initially, ASPP was 

roposed after a complex and proper encoder for images, such as 

GG encoder or ResNet ( He et al., 2016 ). However, in our approach,

he compact network encoder leads to a less complex and discrim- 

nating feature maps for ASPP, which cannot represent sufficient 

nformation for further steps. It is worth to mention that similar 
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Table 1 

Ablation studies of our proposed Pyramid-UNet, measured by the Dice Score (DSC), Hausdorff Distance (HD) and pre- 

diction time, which are expressed by their mean ± std. 

Method RF-ablation Catheter ex-vivo TAVI Guidewire in-vivo 

DSC (%) HD (voxels) Time (sec.) DSC (%) HD (voxels) Time (sec.) 

Compact-UNet w Dice 62.2 ± 20.0 13.3 ± 15.6 ~ 10 63.8 ± 9.2 9.8 ± 5.5 ~ 12 

ASPPv1 w Dice 63.8 ± 16.7 11.8 ± 18.6 ~ 11 63.6 ± 9.0 8.9 ± 4.6 ~ 13 

ASPPv2 w Dice 57.8 ± 21.7 14.8 ± 19.3 ~ 17 62.6 ± 9.5 8.5 ± 3.4 ~ 19 

Pyramid-UNet w Dice 65.8 ± 18.9 11.3 ± 13.8 ~ 11 64.5 ± 8.3 8.8 ± 3.2 ~ 12 

Fig. 11. Example slices of selected feature maps from Compact-UNet, Pyramid-UNet, DF-UNet and FuseNet. Images are re-scaled into same range for visualization purpose. 

Top row is ex-vivo dataset while bottom row is in-vivo dataset. 

Table 2 

Ablation studies of our proposed FuseNet, measured by the Dice Score (DSC), Hausdorff Distance (HD) and prediction 

time, which are expressed by their mean ± std. 

Method RF-ablation Catheter ex-vivo TAVI Guidewire in-vivo 

DSC (%) HD (voxels) Time (sec.) DSC (%) HD (voxels) Time (sec.) 

DF-UNet w Dice 64.2 ± 18.4 11.2 ± 13.8 ~ 28 64.1 ± 7.9 8.2 ± 2.9 ~ 32 

Pyramid-UNet w Dice 65.8 ± 18.9 11.3 ± 13.8 ~ 11 64.5 ± 8.3 8.8 ± 3.2 ~ 12 

EnsembleNet w Dice 64.1 ± 18.4 11.2 ± 13.8 ~ 39 63.2 ± 8.3 8.7 ± 3.3 ~ 44 

FuseNet w Dice 67.7 ± 15.9 10.1 ± 13.0 ~ 41 65.0 ± 8.3 8.3 ± 3.2 ~ 47 

FuseNet w CL 68.9 ± 14.7 8.8 ± 10.2 ~ 41 65.8 ± 8.2 8.1 ± 3.0 ~ 47 

FuseNet w FL 69.1 ± 11.1 9.0 ± 9.1 ~ 41 65.9 ± 8.0 8.0 ± 3.0 ~ 47 

FuseNet w HL 70.5 ± 9.2 7.3 ± 3.9 ~ 41 66.5 ± 7.5 8.2 ± 2.9 ~ 47 

t

t

t

s

f

c

D

U

w

t

o

t

i

w

h

t

F

p

e

f

s

t

o

t

t

n

i

i

e

3

t

f

m

F

g

fi

f

s

s

h

P

s

a

f

t

o DF-UNet, in-vivo dataset obtaines better performance based on 

he pre-trained model from ex-vivo , which improves DSC from 60% 

o 64.5%. 

Ablation Studies of Proposed FuseNet: Moreover, ablation 

tudies on POI-FuseNet were also performed to validate the ef- 

ectiveness of its components, which are gradually introduced to 

onstruct the proposed method. (1) Direction-fuse UNet trained by 

ice Loss (DF-UNet) based on above configurations. (2) Pyramid- 

Net trained by Dice Loss. (3) EnsembleNet trained by Dice Loss, 

hich is our proposed FuseNet without feature fusion layer, i.e. 

he averaged output from two individually trained networks with- 

ut joint training. (4) FuseNet trained by Dice Loss. (5) FuseNet 

rained by Contextual Loss (CL) under the guidance of Dice. Specif- 

cally, we failed to obtain the result solely using CL without Dice, 

hich shows the CL is a kind of compensation of pixel-level loss in 

igh-level space. (6) FuseNet trained by Focal Loss (FL). (7) FuseNet 

rained by Hybrid Loss (HL). The results are shown in Table 2 . 

rom the results, the DF-UNet and Pyramid-UNet obtained similar 

erformances, although with different architecture and information 

xtraction steps. More specifically, DF-UNet decomposes the 3D in- 

ormation into 2D slices with tensor operations.With this intra- 

lice feature extraction strategy, the DF-UNet could exploit seman- 

ic information within the slices and fuse them in the semi-3D 
10 
peration. Nevertheless, the DF-UNet cannot exploit 3D informa- 

ion due to its nature design. Furthermore, the DF-UNet is much 

ime consuming due to the complex 2D-3D transformations in the 

etwork design. In contrast, Pyramid-UNet directly extracts the 3D 

nformation from 3D space, which exploits semantic information 

n a straightforward manner. However, this network may not fully 

xploit information with limited training samples in the complex 

D space. These two individual networks could be complemen- 

ary to each other. By integrating these two networks with the 

eature-level fusion, the proposed FuseNet achieved better perfor- 

ance than each individual network. From the demonstration in 

ig. 11 , fused features from two subnetworks compresses back- 

rounds, such as tissue and chambers, while improving the con- 

dence of the instrument related voxels. Intuitively, this feature 

usion could make the network to automatically synchronize and 

elect the most discriminating information in high-level feature 

pace. Moreover, the end-to-end jointly training of FuseNet en- 

ances the capacity of the semantic information usage, which uses 

yramid-UNet to help DF-UNet with a better inter-slice and intra- 

lice feature extraction under 3D contextual guidance. Meanwhile, 

 larger field-of-view and better initialized feature representation 

rom DF-UNet could guide the Pyramid-UNet to learn the informa- 

ion in 3D patch. As a result, the proposed feature fusion achieves 
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Table 3 

Ablation studies of our proposed POI-FuseNet, measured by the Dice Score (DSC), Hausdorff Distance (HD) and prediction 

time, which are expressed by their mean ± std. 

Method RF-ablation Catheter ex-vivo TAVI Guidewire in-vivo 

DSC (%) HD (voxels) Time (sec.) DSC (%) HD (voxels) Time (sec.) 

FuseNet w HL 70.5 ± 9.2 7.3 ± 3.9 ~ 41 66.5 ± 7.5 8.2 ± 2.9 ~ 47 

POI-FuseNet w HL, K = 0.25 68.8 ± 11.1 9.1 ± 8.3 ~ 0.8 65.8 ± 7.9 8.1 ± 3.1 ~ 0.9 

POI-FuseNet w HL, K = 0.5 70.5 ± 9.2 7.3 ± 4.1 ~ 1.3 66.0 ± 8.3 8.2 ± 2.9 ~ 1.4 

POI-FuseNet w HL, K = 1.0 70.5 ± 9.2 7.5 ± 4.1 ~ 3.3 66.0 ± 7.9 8.0 ± 3.0 ~ 3.4 
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Table 4 

Model complexity of the proposed components, mini-batch = 1 for all 

the cases. 

Components Model complexity metrics 

No. parameters ( × 10 6 ) FLOPs ( × 10 10 ) 

Slice-based UNet 22.2 14 

DF-UNet 21.7 273 

Pyramid-UNet 5.3 19 

FuseNet 27.0 294 
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etter performance than the straightforward prediction ensemble, 

.e. directly averages the predictions from two individual networks. 

ompared to a standard Dice loss trained FuseNet, our proposed 

ybrid loss can further improve the segmentation performance in 

oth datasets. More specifically, when compared to the FuseNet 

ith Dice loss, both contextual loss (CL) and focal loss (FL) can 

mprove the segmentation results in different aspects. As for CL, it 

ncourages the contextual-level consistency between the predic- 

ion and annotation in the high-level latent space. In contrast, the 

L addresses the extremely imbalanced class distributions (instru- 

ent voxels are around 1% of the patch voxels) and focuses on the 

ard-classified voxels in 3D space, which leads to a better per- 

ormance. Based on these two losses, the proposed hybrid loss 

HL) outperforms the individual CL and FL, which also provides 

 smaller standard deviation. It is worth to mention that the HL 

ith contextual encoder is only considered in the training stage 

hat the extra prediction complexity is not introduced during the 

esting phase By comparing ex-vivo and in-vivo dataset, the hybrid 

oss has more influence on ex-vivo , which is explained by a larger 

mage variance within the dataset. As the performance of the net- 

ork improving, the prediction time is also increased, which is be- 

ause of the complexity of the proposed network architecture. 

Ablation Studies of Proposed POI-FuseNet: The ablation stud- 

es of the proposed patch-of-interest strategy are demonstrated in 

able 3 . Specifically, three different K values are validated. (1) Our 

roposed POI-FuseNet by HL with downsample ratio 0.25 (POI- 

useNet w HL, K = 0.25), (2) Our proposed POI-FuseNet by HL with 

ownsample ratio 0.5 (POI-FuseNet w HL, K = 0.5) and (3) Our pro- 

osed POI-FuseNet by HL without downsample (POI-FuseNet w HL, 

 = 1.0). With the introduction of POI selection by coarse segmen- 

ation, the total prediction time per volume is drastically acceler- 

ted because of preventing the iteratively patch-based prediction. 

ore specifically, as the downsampling ratio of Slice-based UNet 

ncreasing, the performance of POI-FuseNet is improved with cost 

f time efficiency. There is little difference in performance with 

 = 0 . 5 or K = 1 . 0 while the performance is degraded in K = 0 . 25

n ex-vivo dataset. This is because some catheters are partly miss- 

ng from the slices due to larger sampling value, and therefore only 

art of the catheter can be segmented. As a consequence, higher 

 value provides a better generalization for the POI-FuseNet. Al- 

hough the coarse segmentations have different performances due 

o K values, the final prediction performances of POI-FuseNet have 

ot much difference. Finally, the proposed FuseNet is trained on 

n-vivo dataset by fine-tuning the parameters of the ex-vivo model, 

hich achieved 3-5% higher Dice score than training from scratch. 

evertheless, the overall framework of the proposed POI-FuseNet 

annot be trained in a end-to-end style, which is limited by the 

oarse-to-fine strategy. This limitation is due to the large memory 

apacity requirement for complex 3D US images and limited train- 

ng datasets, when compared to the state-of-the-art object seg- 

entation methods in the current computer vision area. As a re- 

ult, the feature maps from the full image-level cannot be used for 

OI purpose, such as in Mask R-CNN ( He et al., 2017 ). To further

alidate the complexity of the models, we measured the number 

f trainable parameters for Slice-based UNet, DF-UNet, Pyramid- 
11 
Net and FuseNet, and also their floating-point operations (FLOPs). 

he results are shown in Table 4 . It can be observed that although 

he network-wise complexity is increased by feature fusion in the 

useNet, the overall efficiency can be drastically improved with the 

fficient POI pre-selection (from more than 40 seconds to around 1 

econds as shown in Table 3 ). It is worth to mention that because 

f 2D slicing strategy and 2D operations, the 2D Slice-based UNet 

btains a much faster segmentation while it has similar model size 

ith DF-UNet. Nevertheless, the DF-UNet costs much higher FLOPs 

ue to complex spatial operations. Although the overall FLOPs are 

ncreased for the POI-based FuseNet, the time efficiency is im- 

roved by coarse-to-fine strategy and proper network design, since 

he prediction time is also related to pipeline design, mini-batch 

ize and GPU memory. These results show our method has more 

otential for clinical use. 

Ablation Studies of Different Patch Processing: Beside the 

bove ablation studies in network configurations, we also vali- 

ated our proposed patch processing strategy, as mentioned in 

ection 2.2 , which considers the zero-padding during the convo- 

utional operations. With fixed patch size, i.e., D + S = 48 , where 

he parameter D is the non-overlapped patch size while P is the 

xtending parameter to compensate for the information leakage. 

he total patch size is experimentally chosen to balance the net- 

ork complexity, size of the instrument in 3D US and prediction 

fficiency ( Yang et al., 2019e ). As shown in the Table 5 , we ex-

erimentally compared different combinations of D and S in terms 

f DSC and HD to validate the significant influence of these pa- 

ameters. Based on the observation, patch with S = 0 generates a 

orse segmentation result w.r.t full volume cases, which is because 

he patch boundaries are affected by padding operations during 

he convolution operation. Even the skipping connections are ap- 

lied to compensate the information leakage. In contrast, for set- 

ing with S = 32 , it provides slightly better performance than the 

ase of S = 16 , while significantly degrading the prediction effi- 

iency (even compared to POI-based condition, which is at least 

wo times slower). As a conclusion, a proper combination strategy 

f patch-based segmentation should be considered, which provides 

table results for semantic segmentation. 

.2. Performance comparison with learning-based methods 

We have compared our method with the learning-based state- 

f-the-art instrument segmentation methods on our challenging 

atasets, such as Gabor feature with SVM classifier (GF-SVM) 
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Table 5 

Segmentation performances under different combination of parameters D and S , measured by the Dice 

Score (DSC) and Hausdorff Distance (HD), which are expressed by their mean ± std. The (D,S) repre- 

sent the combination of different value of D + S = 48 . Bold values denote the setting reported in this 

paper. 

(D,S) RF-ablation Catheter ex-vivo TAVI Guidewire in-vivo 

DSC (%) HD (voxel) Time (sec.) DSC (%) HD (voxel) Time (sec.) 

(16,32) 70.7 ± 9.0 7.2 ± 4.2 ~ 288 67.0 ± 7.7 8.1 ± 3.2 ~ 443 

(32,16) 70.5 ± 9.3 7.3 ± 3.9 ~ 41 66.5 ± 7.5 8.2 ± 2.9 ~ 47 

(48,0) 65.3 ± 13.7 10.8 ± 11.1 ~ 13 65.2 ± 8.4 8.8 ± 3.5 ~ 15 

Table 6 

Segmentation performances for different methods, measured by the Dice Score (DSC), Hausdorff Distance (HD) and prediction time, 

which are expressed by their mean ± std. All the methods are validated on our datasets (- means failed to calculate the result due to 

memory overflow). 

Method RF-ablation Catheter ex-vivo TAVI Guidewire in-vivo 

DSC (%) HD (voxels) Time (sec.) DSC (%) HD (voxels) Time (sec.) 

GF-SVM ( Pourtaherian et al., 2017 ) 3.3 ± 8.5 - > 100 1.0 ± 1.7 - > 100 

MF-AdaB ( Yang et al., 2019d ) 36.5 ± 19.0 19.1 ± 8.5 > 100 37.6 ± 23.3 23.9 ± 18.2 > 100 

ShareFCN ( Pourtaherian et al., 2018 ) 52.8 ± 21.0 15.6 ± 16.7 ~ 3 55.9 ± 12.1 11.6 ± 7.8 ~ 4 

VOI-ConvNet ( Yang et al., 2019c ) 58.5 ± 10.7 11.5 ± 7.7 ~ 10 58.6 ± 7.9 11.0 ± 5.1 ~ 11 

Prenatal-UNet ( Yang et al., 2017 ) 24.6 ± 24.9 38.3 ± 22.3 ~ 2 53.2 ± 14.7 18.8 ± 11.1 ~ 2 

ACNN ( Oktay et al., 2017 ) 61.0 ± 18.3 14.6 ± 13.9 ~ 10 63.9 ± 9.7 8.6 ± 4.7 ~ 12 

FuseNet 70.5 ± 9.3 7.3 ± 3.9 ~ 41 66.5 ± 7.5 8.2 ± 2.9 ~ 47 

POI-FuseNet 70.5 ± 9.2 7.3 ± 4.1 ~ 1.3 66.0 ± 8.3 8.2 ± 2.9 ~ 1.4 

Fig. 12. Instrument segmentation results of different methods on example US volumes. Top row: ex-vivo , bottom row: in-vivo . (a) Segmentation results displayed in 2D slices 

with corresponding original image, ground truth and segmentations. Green: ground truth. Red: segmentation. (b) Segmentation results displayed in 3D US volumes, where 

3D US volume is blue, the ground truth of instrument is green, and the instrument segmentation is red. All the images are corresponding to above 2D B-mode images. 
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 Pourtaherian et al., 2017 ), multi-definition and multi-scale feature 

usion with AdaBoost classifier (MF-AdaB) ( Yang et al., 2019d ), or- 

hogonal slice-based ShareFCN ( Pourtaherian et al., 2018 ), Voxel- 

f-interest-based ConvNet (VOI-ConvNet) for voxel-based classifi- 

ation ( Yang et al., 2019c ). Furthermore, other US-based segmenta- 

ion methods, like Prenatal-UNet ( Yang et al., 2017 ) and Compact- 

Net with Anatomically Constrained ( Oktay et al., 2017 ), i.e. ACNN, 

re also considered. The results are shown in Table 6 , where DSC is

ice Score and HD is Hausdorff Distance. Meanwhile, some results 

re shown in Fig. 12 , which qualitatively demonstrates the results 

f voxel-based classification, slice-based segmentation and patch- 

ased segmentation on our datasets. 
12 
From the table, several observations and conclusions can be 

ade, which we have clustered into five topics. 

1) Comparison with handcrafted features : As for handcrafted fea- 

tures with voxel-based classification, the performances are 

worse than deep learning methods, which are due to limited 

3D information representation for information description, es- 

pecially for Gabor filterbank method. First, it is a single-scale 

feature, which means it focuses on a specific spatial resolution. 

However, this cannot handle our dataset with different spa- 

tial resolutions and instrument diameters. Second, the Gabor 

feature mainly focuses on boundary contrast at the edge in a 

homogeneous or semi-homogeneous background, which works 
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properly in needle segmentation for anesthesia by 3D US. Nev- 

ertheless, in our case, the boundary of a catheter can be blurred 

with a lower contrast with anatomical background, which leads 

to significant difficulties for using a single-scale Gabor feature 

with a linear support vector machine. Third, the experimental 

settings are clearly different. The original paper applied a leave- 

one-out cross-validation method with image-specific thresh- 

old to obtain the highest performance. However, in our case, 

we applied a dataset-level threshold, which leads to much a 

lower performance than the original reported value. In con- 

trast, the multi-scale approach with multi-definition features 

achieves much better performance around 36% DSC. Because 

of the multi-scale and definition features, more instrument- 

related information can be described from different viewpoints. 

Meanwhile, the non-linear Adaptive Boosting classifier provides 

a non-linear decision boundary than a simple LSVM that a 

higher performance is obtained. However, handcrafted feature 

design is strongly relying on experience and instrument model 

estimated, which therefore is limits the information usage from 

training images. As a comparison, the proposed POI-FuseNet 

can extract much more discriminating information by consid- 

ering data-driven method with task specified network design. 

2) Comparison to VOI-ConvNet: Compared to VOI-ConvNet, which 

is based on a pre-filtered voxel selection, our proposed patch- 

based semantic segmentation method portrays a better per- 

formance. Because the VOI-ConvNet method can degrade the 

true positive rate by introducing an imperfect voxel selection, 

whereas the POI-based method can overcome this degradation. 

More specifically for VOI-selection, the interested voxels are ob- 

tained from the remaining voxels after a Frangi filtering, which 

cannot fully preserve the instrument voxels by a simple fil- 

tering, even a CNN is followed to classify the voxels’ category 

( Yang et al., 2019c ). In contrast, the POI-based approach selects 

the possible regions in 3D volume using patches, which con- 

tains full instrument-related voxels for a second time segmen- 

tation by FuseNet. As a consequence, the instrument voxels are 

re-calculated by a more accurate ConvNet with higher accuracy. 

3) UNet structure: Compared to a more complex and general- 

ized UNet ( Yang et al., 2017 ), our proposed Compact-UNet 

achieved better performance. It is because of a smaller input 

size, simpler architecture, and task specified design. Although 

the Prenatal-UNet achieved a fast prediction time as a result of 

larger patch size, i.e., 64 3 voxels, it is much more hard to be 

trained for our instrument segmentation task, since the instru- 

ment occupies a small volume in a large patch space. From the 

table, our POI-FuseNet obtained higher accuracy and efficiency 

than the Prenatal-UNet. 

4) Contextual description: When compared to ACNN, which em- 

ploys anatomical constrained knowledge to formulate the con- 

textual information, our proposed method achieves a much bet- 

ter performance. It is because the design of ACNN includes a 

fixed pre-trained shape description encoder for ground truth, 

which is not suitable for prediction with large location and 

value variation. Actually, from the design of ACNN, it is used for 

anatomical structure segmentation with a fixed global location 

and size, which is easy to be learned and described by an Auto- 

Encoder. However, in our case, the instrument is located at any 

position of the input patches. Moreover, the prediction of the 

input patch is ranging from 0 to 1 instead of a fixed integer 

value. This variation leads to the encoder in ACNN cannot per- 

fectly represent the contextual information difference between 

the ground truth and prediction. As a consequence, it cannot 

improve performance when compared with our jointly trained 

approach. The jointly training procedure enables to adaptively 

to learn the contextual information with varying instrument lo- 

cation and values. 
a

13 
5) Information exploitation in 2D and 3D: Patch-based seman- 

tic segmentation approaches, i.e., Pyramid-UNet and DF-UNet, 

achieve a higher performance than SOTAs because of richer 

spatial information usage. Moreover, DF-UNet obtains better 

performance than Compact-UNet, since the parameters are ini- 

tialized from the pre-trained model, which is shown in abla- 

tion studies. With extracted feature maps from two indepen- 

dent networks, FuseNet obtains more accurate segmentation re- 

sults. It is explained by better hierarchical exploitation of con- 

textual information among voxels. 

From qualitative illustrates in Fig. 12 , voxel-based classification 

ethod, i.e. MF-AdB and VOI-ConvNet, generates non-smooth sur- 

ace, which comes from voxel-by-voxel classification with limited 

eld-of-view. As for slice-based segmentation, i.e. ShareFCN, it gen- 

rates a smoother surface and boundary, which is because of se- 

antic information usage. However, when compared to the pro- 

osed patch-based segmentation, i.e. the proposed method, the 

lice-based method has worse performance due to limited de- 

raded spatial information than 3D space. 

In terms of the prediction efficiency, our proposed POI-FuseNet 

chieved prediction efficiency of ~ 1.3 seconds per volume, which 

ncludes ~ 0.6 sec. POI preprocessing and 0.7 sec. patch-based 

ner segmentation. Because the patch-based segmentation re- 

alculates the voxels category, our proposed method does not ham- 

er the segmentation accuracy when compared to the VOI-based 

NN ( Yang et al., 2019c ). From our experiments, voxel-based meth- 

ds, such as GF-SVM, MF-AdaB, or LateCNN, consumed more than 

00 seconds, which is due to the iteratively voxel-by-voxel calcula- 

ions. As for patch-based methods on full volume, they take around 

0-50 seconds to obtain the final prediction (based on the architec- 

ure of the networks), which is still far from real-time implemen- 

ations. In contrast, our proposed POI-FuseNet keeps the segmenta- 

ion accuracy by the re-calculation of voxels, but also improve the 

egmentation efficiency. All the GPU-based methods are measured 

n GeForce GTX 1080Ti on Python 3.6 with TensorFlow 1.10. 

It is worth to mention that Arif et al. (2019) proposed to 

egment the needle from full volumetric data. However, from 

ur challenging dataset, we failed to obtain a successful segmen- 

ation result, which might be explained by much more simple 

etwork architecture and more challenging task for cardiac ul- 

rasound imaging. Moreover, when compared to our preliminary 

tudy ( Yang et al., 2019e ), which applied morphology operations 

o connect the closest component and is therefore time-consuming 

or the post-processing, our proposed POI-FuseNet avoids this com- 

licated post-processing, so that it is more efficient and robust. 

therwise, the morphology operations in 3D space would take 

ore than 10 seconds of processing time for each data volume. 

.3. Performance comparison with non-learning-based methods 

Beside the comparisons to learning-based methods, we also 

erform comparison to non-learning-based methods: Princi- 

al Component Analysis on thresholded 3D US (PCA) by 

ovotny et al. (2003) , Parallel Integral Projection (PIP) by 

arva et al. (2008) , Random Hough Transformation (RHT) by 

hou et al. (2007) and line filter-based RANSAC (Line-RANSAC) al- 

orithm by Zhao et al. (2013) . Since above methods using different 

pproaches than direct segmentation, we adopt detection of suc- 

ess volume over total testing volume and detection error as the 

valuation metrics, i.e. success rate and endpoints error in voxel, 

nstead of DSD and HD. Specifically, The endpoints error is de- 

ned as the average distance of two endpoints on the instrument 

keleton from the ground truth, i.e. tip and tail point, to the in- 

trument axis obtained from detection. The experimental results 

re shown in Table 7 . From the table, the proposed deep learning- 
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Table 7 

Segmentation performances for different non-learning methods, measured by successful rate and average 

endpoints error (EE) in voxels (std. is excluded since we counted based on successful detection). All the 

methods are validated on our datasets. 

Method RF-ablation Catheter ex-vivo TAVI Guidewire in-vivo 

Success rate (%) EE (voxels) Success rate (%) EE (voxels) 

PCA ( Novotny et al., 2003 ) 23.3% 3.7 27.8% 4.3 

RHT ( Zhou et al., 2007 ) 80% 9.6 44.4% 12.6 

PIP ( Barva et al., 2008 ) 3.3% 13.2 0% - 

Line-RANSAC ( Zhao et al., 2013 ) 76.7% 4.0 38.9% 3.7 

Proposed 100% 1.8 100% 2.9 

b

e

t

l

p

p

m

t

c

i

s

T

o

a

b

r

l

A  

t

t

p

w

t

w

t

c

t

g

e

l

c

r

5

fi

i

f

i

p

f

s

i

t

m

p

t

f

t

f

l

w

l

i

p

s

g

t

c

v

r

t

c

v

c

i

g

o

t

i

t

s

s

i

i

p

m

r

t

a

s

u

D

c

i

C

d

i

C

r

s

v

i

t

s

ased method shows 100% successful rate with the lowest axis 

rror while traditional computer vision techniques have less de- 

ection rate with higher errors. The reasons are explained as fol- 

ows. First, non-learning methods segment the images with sim- 

le and straightforward thresholding approaches (PIP does not ap- 

ly thresholding). These approaches cannot extract accurate instru- 

ent related voxels and omit background voxels, i.e. voxels from 

issue and chambers. Second, non-learning-based methods are fo- 

using on post processing to localize the instrument, which heav- 

ly relies on the assumption: background is not complex while in- 

trument has higher intensity distribution than the background. 

his also explain why these methods achieved promising results 

n simulated or phantom images. However, real tissue-based im- 

ges for cardiac US is much more challenging for non-learning 

ased methods, which therefore achieved much lower successful 

ate. Third, it is worth to discuss about PIP method, which re- 

ies on parallel intensity projection for thin instrument detection. 

s can be seen, it is almost failed in our case. This is because

he cardiac instrument has similar intensity distribution with heart 

issue, as shown in Fig. 8 . More crucially, the heart tissue occu- 

ies much more space than the instrument that the PIP method 

ould automatically converge to the direction with tissue passing 

hrough it, such as the heart wall of Fig. 8 (e). The experiments 

ith non-learning-based methods further demonstrates the impor- 

ance of the segmentation stage, which promises a robust and ac- 

urate instrument detection. It is worth to mention that with a 

hicker instrument, it is much easier to detect the catheter than 

uide-wire from 3D US. Moreover, for catheter with different diam- 

ter, a thicker one would much more easier to be detected by non- 

earning-based method, such as Line-RANSAC or RHT. However, the 

omplex deep learning method could provide a more generalized 

esults with sufficient training images. 

. Conclusions and Future Works 

In this paper, we propose an efficient and accurate coarse-to- 

ne instrument semantic segmentation method for 3D cardiac US 

mages with high efficiency and accuracy. Our method contains the 

ollowing contributions. First, we proposed a POI-based pipeline for 

nstrument segmentation in the 3D US, which reduces the com- 

utation complexity and maintains the segmentation performance 

or our challenging task. The proposed pipeline is based on a POI 

elector, which can efficiently select the most interesting regions 

n the 3D US, thereby improving the segmentation speed for real- 

ime applications. Second, we proposed a FuseNet, which fuses 

ulti-defined features from 2.5D/3D feature extractors, which im- 

roves the segmentation in complex 3D US volumetric data. With 

he proposed feature extractors, the FuseNet can extract direction- 

used and full 3D spatial features, which leads to better informa- 

ion usage than solely considering a 3D UNet. Third, a hybrid loss 

unction is proposed to guide the networks to learn the pixel- 

evel and image-level discriminating information simultaneously, 

hich therefore improves the segmentation performances. Chal- 
14 
enging 3D US datasets for the ex-vivo RF-ablation procedure and 

n-vivo TAVI operation were collected to thoroughly validate our 

roposed method, which achieved higher performances than the 

tate-of-the-art instrument segmentation methods by a large mar- 

in. It is worth to mention that the proposed two-stage coarse- 

o-fine approach has a more flexible and suitable pipeline for our 

hallenging task. Because the length of the instrument has a large 

ariation, it leads to difficulty for extracting the POI-based feature 

egion by a feature attentional pipeline ( Huang et al., 2018 ). 

Compared to previous studies for instrument segmentation in 

he 3D US, our proposed method achieves a higher accuracy with a 

onsiderably higher prediction efficiency, which offers a promising 

alue for clinical implementation. From the discussion with clini- 

al experts, they are satisfied with the result, as the segmentation 

s already clinically useful to facilitate physicians to find the tar- 

et quickly and make operation easier. Nevertheless, some aspects 

f our method still need to be discussed. (1) To train the network, 

he voxel-level annotation is required, which is extremely challeng- 

ng for low-quality 3D ultrasound images. Therefore, it is difficult 

o build a system for clinical usage with large-scale image-based 

upervised learning. (2) For each 3D US data containing the in- 

trument, the instrument must be appeared and can be visualized 

n the B-mode US image for successful segmentation. However, it 

s not always the case during real clinical usage. As the relative 

ose between the US probe and instrument changes, the instru- 

ent may become invisible because of acoustic reflection. It se- 

iously hampers the robustness of the proposed method. (3) With 

he validation on an in-vivo dataset, our proposed method presents 

 significant value for clinical applications. Nevertheless, further 

tudy on extended in-vivo data is required to support further eval- 

ation, which is considered as future work. 
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