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Abstract

A holistic multitask regression approach was implemented to tackle the limita-
tions of clinical image analysis. Standard practice requires identifying multiple
anatomic structures in multiple planes from multiple anatomic regions using mul-
tiple modalities. The proposed novel holistic multitask regression network (HMR-
Net) formulates organ segmentation as a multitask learning problem. Multitask
learning leverages the strength of joint task problem solving from capturing task
correlations. HMR-Net performs multitask regression by estimating an organ’s
class, regional location, and precise contour coordinates. The estimation of each
coordinate point also corresponds to another regression task. HMR-Net leverages
hierarchical multiscale and fused organ features to handle nonlinear relationships
between image appearance and distinct organ properties. Simultaneously, holistic
shape information is captured by encoding coordinate correlations. The multitask
pipeline enables the capturing of holistic organ information (e.g. class, location,
shape) to perform shape regression for medical image segmentation. HMR-Net
was validated on eight representative datasets obtained from a total of 222 sub-
jects. A mean average precision and dice score reaching up to 0.81 and 0.93,
respectively, was achieved on the representative multiapplication database. The
generalized model demonstrates comparable or superior performance compared
to state-of-the-art algorithms. The high-performance accuracy demonstrates our
model as an effective general framework to perform organ shape regression in
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multiple applications. This method was proven to provide high-contrast sensitiv-
ity to delineate even the smallest and oddly shaped organs. HMR-Net’s flexible
framework holds great potential in providing a fully automatic preliminary analy-
sis for multiple types of medical images.

Keywords: multiapplication, shape regression segmentation, multitask learning,
deep learning, manifold regularization, cross-stitch units

1. Introduction1

Detection and delineation of each target organ is an integral part in medical2

image analysis for pathology diagnosis, treatment, and therapy planning. Clinical3

assessments require analyzing large volumes of data to identify multiple anatomic4

structures in multiple planes from multiple anatomic regions using a combination5

of imaging modalities, such as MRI or CT. Automated algorithms are developing6

rapidly due to their advantages of enhancing productivity, having greater consis-7

tency, and reproducibility compared to manual labelling and delineation (Reiner8

et al., 2004). However, conventional methods are limited to specific organ struc-9

tures and cannot be generalized for other tasks without a great deal of modifi-10

cations. Therefore, there is a greater demand for multiapplication frameworks;11

but, the development of a reliable and accurate multiapplication model is exceed-12

ingly difficult. Due to the diverse range of applications, automated localization13

and segmentation (even for a single application) are still hindered by the follow-14

ing challenges (Pekar et al., 2010; Yao et al., 2016; Ibragimov and Xing, 2017;15

Raudaschl et al., 2017) (see Fig. 1):16

1) Diverse geometry. Organ size and shape vary substantially; especially in the17

presence of pathologies. The complexity only increases with the addition18

of inter-subject variability and the diversity of applications, as shown in19

Fig. 1(a).20

2) Image appearance variability. Images differ in contrast, brightness, resolu-21

tion and possess inhomogeneous pixel intensities (e.g. bone and soft tissue22

in CT versus MRI (see Fig. 1(b)). Organs can also appear as one solid object23

or contain multiple components in distinct image slices. This is dependent24

on the plane of view and on the location the image slice was taken (see25

Fig. 1(c)). This becomes more complex when various structures throughout26

the body are considered.27
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Figure 1. The challenges of multiapplication segmentation. (a) Diverse geometry; (b) appearance
variability in resolution and contrast; (c) appearance variability among slices in the same plane of
view; (d) inherent imbalance of samples due to structure characteristics; (e-g) ambiguous boundary
due to low contrast of soft tissues in CT images, pathologies (indicated by the red arrows), and
artefacts (indicated by the yellow arrows); (h) mis-localization and classification of similar shaped
structures.

3) Discriminative feature embedding. Due to the ambiguity of the bound-28

ary for soft tissue organs in CT images, organs affected by pathologies or29

impeded by artefacts, generating discriminative feature embeddings is in-30

tractable, as shown in Fig. 1(e-g).31

4) Inherent imbalanced data of large and small organs. Imbalanced organ32

data exists for datasets with multiple organs that span multiple anatomical33

regions. The quantity and distribution of images for a specific structure is34

inherently dependent on its geometry, position, and appearance frequency35

in the body, as shown in Fig. 1(d).36

5) Mis-localization and classification of similar shaped structures. Organs37

with similar characteristics in close proximity are difficult to differentiate38

amongst each other (see Fig. 1(h)).39

6) Scarce and insufficient labelled data, which can result in overfitting.40

1.1. Related works41

The novelty of our work is demonstrated by comparing existing works for42

medical image processing. These works can be divided into six categories: 1) de-43

tection, 2) segmentation, 3) semantic segmentation 4) detection and segmentation,44

5) shape regression segmentation, and 6) multitask segmentation.45
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Detection-based methods: Existing works that primarily focus on the detec-46

tion of organ structures aim to locate and classify a target organ, thus generating47

regions of interest used for further image processing and analysis. Methods in48

this category use machine learning, deep learning classifiers, or a combination49

of methods. An example of a detection-based work is described in (Karsten and50

Arandjelović, 2017) where the authors use a random forest classifier combined51

with volume descriptors to perform vertebrae detection in CT scans. In (Oktay52

and Akgul, 2013) support vector machine-based (SVM) method combined with53

Markov Random Fields (MRF) were used for vertebrae and intervertebral disc lo-54

calization. The work in (Cai et al., 2016) used deep convolutional neural networks55

(CNN) to detect vertebrae in MRI and CT images. In (Ghosh et al., 2012) SVM56

coupled with the Histogram of Oriented Gradients (Dalal and Triggs, 2005) were57

used for disc localization. (Kim and Lee, 2017) performed vertebrae localization58

by incorporating local and global symmetry features using a sphere surface ex-59

pansion method and an iterative optimization framework. In the past year, organ60

detection methods based off the region-CNN (R-CNN) family (Xu et al., 2019;61

Li et al., 2019), whereby an organ’s region of interest (ROI) is classified and lo-62

calized with a bounding box, have become more popular due to its simple and63

flexible design. In general, localization or detection methods primarily serve as a64

pre-processing step to segmentation, which is one of the main focused aspects in65

this paper.66

Segmentation-based methods: Some methods directly focus on the segmen-67

tation task skipping the detection or localization process all together. For instance,68

some of the methods currently used in literature for segmentation consist of atlas-69

based methods such as in (Raudaschl et al., 2017; Gregory et al., 2014; Daisne and70

Blumhofer, 2013) for head and neck organs in CT images, atlas-based coupled71

with machine learning (Pekar et al., 2010, 2009), model-based (Qazi et al., 2011)72

for head and neck CT image segmentation, in (Boonyakiat and Silapachote, 2017)73

a graph cut framework was used to segment the optical nerves, and in (Ben Ayed74

et al., 2011) graph cuts was used to segment the intervertebral disc. Addition-75

ally, shape model-based methods (Cai et al., 2015; Klinder et al., 2008; Kadoury76

and Paragios, 2010; Kadoury et al., 2013) that incorporate the global shape of the77

spine help to capture additional spatial relationships among objects and results in78

a boost to performance.79

Semantic Segmentation-based methods: In the past 5 years, deep learning80

methods are being more widely used and improved for semantic segmentation81

in medical image analysis, such as the current state-of-the-art U-Net developed82

by (Ronneberger et al., 2015). Semantic segmentation methods perform pixel-83
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wise classification that gives semantic context to each pixel in the entire image.84

(Alom et al., 2018) proposed two architectures based on U-Net for segmenta-85

tion, a recurrent convolutional neural network (RU-Net) and a recurrent residual86

convolutional neural network (R2U-Net). The two models were validated on three87

datasets (blood vessels in retina images, skin cancer, and lung lesion). (Zhao et al.,88

2019a) trained a U-Net with dilated convolutions to perform semantic segmenta-89

tion for head and neck tumours. (Han et al., 2018) proposed a recurrent generative90

adversarial network called Spine-GAN for disc, vertebra, and neural foramina se-91

mantic segmentation. Spine-GAN makes use of an atrous (also known as dilated)92

convolution autoencoder module to represent the variability in the complex spinal93

structures.94

Detection and Segmentation-based methods: These methods aim to com-95

bine both the detection and segmentation task in a single framework, similar to96

our proposed method. For example, in (Ibragimov and Xing, 2017) a four-step97

deep learning method was used combining a CNN and MRF to classify and seg-98

ment organs-at-risk in head and neck CT images. The four-step method included99

voxel classification using CNN, smoothing with MRF, removal of small compo-100

nents, and dilate-erode operations to achieve the final segmentation results. In101

(Klinder et al., 2009) a model-based method was used for the detection, classi-102

fication, and segmentation of vertebral bodies in CT images. In (Huang et al.,103

2009) an Adaboost joint method with an iterative normalized cut algorithm was104

used for vertebrae detection. (Zhu et al., 2016) trained a Gabor filter bank-based105

method for intervertebral disc localization and segmentation in MRI images. (Li106

et al., 2018) performed ROI estimation with the spatial fuzzy c-mean algorithm107

and used a region growing and merging-based method for MRI glioma segmenta-108

tion. (Wang et al., 2018) adapted the U-Net architecture to perform two-stage 3D109

multiclass cardiac segmentation. (Zhao et al., 2019b) utilized transfer learning of110

deep dilated convolutions from spinal cord grey matter data, and then fine-tuned111

the model for CT spinal images.112

Shape Regression-based methods: Shape regression methods, also known113

as boundary regression, have shown comparable or exceptional performance com-114

pared to conventional methods for medical image segmentation. Shape regression115

methods utilizes a target object’s global shape prior to predict the points along116

the new target’s contour. Furthermore, since the boundary representation for the117

following works are point-based, shape regression methods possess the flexibility118

to adapt to several diverse types of geometry. In (Wang et al., 2015) a multi-kernel119

multi-output support vector regressor was used to regress the boundary points of120

multi-plane, multi-modality, and multi-structure (M3) spinal images. (Du et al.,121
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2018) used a deep belief network with DAISY (Tola et al., 2010) as the feature122

extractor for deep regression segmentation of cardiac bi-ventricle MR image. In123

(Chen et al., 2018) CNN was used for the boundary regression of cardiac struc-124

tures following the same data pre-processing protocol as in (Wang et al., 2015).125

Multitask-based methods: Multitask learning algorithms incorporate the ben-126

efits from several related tasks to improve the overall performance by taking the127

underlying common information that may be ignored by single task learning algo-128

rithms. (Zhen et al., 2016) designed a multitask shape regression (MTSR) model129

to simultaneously estimate coordinate points on shape contours and model coor-130

dinate correlations. The MTSR architecture used HOG for feature representation131

and modelled inherent correlations via sparse learning. (Zhen et al., 2016) fur-132

ther demonstrated the capabilities of shape regression by extending its applica-133

tion to six different representative datasets (knee, clavicle, prostate, cardiac bi-134

ventricles, cardiac 4 chambers MR, and cardiac 4 chambers CT). (He et al., 2019)135

introduced a U-Net-like encoder-decoder architecture to simultaneously segment136

thoracic organs and perform global slice classification on CT scans. (Ke et al.,137

2019) developed a multitask U-Net to solve three tasks: object instance detection,138

separation of wrongly connected objects, and semantic segmentation for food mi-139

croscopy images. Multitask methods based off the R-CNN family that were modi-140

fied from their original computer vision-based applications to the medical domain141

were demonstrated in (Xu et al., 2018; Huang et al., 2019; Bouget et al., 2019;142

Liu et al., 2018; Kopelowitz and Engelhard, 2019) for whole heart segmentation,143

pulmonary, lymph nodes, and lung nodule detection and segmentation, respec-144

tively. (Zhou et al., 2019) proposed a semi-supervised multi-planar co-training145

network for 3D abdominal multi-organ segmentation. (Dong et al., 2019; Lei146

et al., 2020a,b) proposed hybrid attention model-based methods for pelvic CT,147

prostate CT, and pelvic CBCT multi-organ segmentation, respectively.148

While all these aforementioned methods are effective for each of their respec-149

tive applications, they all have at least one of the following limitations: 1) one150

specific imaging modality, 2) one specific plane, 3) one specific anatomical struc-151

ture, and 4) one specific application. Task-specific algorithms have the advantage152

of leveraging the inherent characteristics of a target structures anatomy and unique153

surroundings, such as the number of visible organs, their individual instances in154

a given image, and their anatomical identity. However, a general or multitask155

algorithm cannot use such specific assumptions or prior knowledge. It consid-156

ers individual organ instances as independent from one another; similar to the157

instance segmentation methods for natural images. Conversely, similar to single158

task methods multitask segmentation methods are also designed with respect to159
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their tackled applications, but possess increased generalizability. If a multitask al-160

gorithm were, however, trained on more variable applications the multitask model161

would then be capable of generalizing to even more diverse tasks.162

1.2. Overview of the proposed method163

In this study, a holistic multitask regression network (HMR-Net) for multi-164

application image analysis is proposed to tackle the segmentation and detection165

challenges (see Fig. 2). HMR-Net formulates segmentation into a multitask re-166

gression problem, which leverages the strength of jointly solving multiple tasks.167

HMR-Net performs organ instance detection and shape regression with its flexible168

boundary representation enabling the ability and potential to tackle multi-object169

and multiple applications as seen in (Zhen et al., 2016). Manifold embedding was170

incorporated to encode holistic shape information by modelling coordinate corre-171

lations. Simultaneously, HMR-Net unravels the nonlinear relationships between172

image appearance and distinct object properties with hierarchical multiscale and173

fused features.174

HMR-Net’s framework seamlessly combines four sub-modules: 1) Two N-175

shaped networks (N-Nets) with cross-stitch units was implemented for multiscale176

and fused feature representations. 2) A region proposal network (RPN) to high-177

light ROIs. 3) A linear regression network (LRN) for multiclass organ detection.178

4) A shape regression network (SRN) to directly estimate the boundary coordi-179

nates of each ROI.180

Figure 2. The proposed holistic multitask regression network (HMR-Net) tackles the diversity of
medical images in multiple applications with a single framework.

1.3. Contributions181

The main contributions are as follows:182
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Figure 3. HMR-Net’s architecture. Two N-shaped networks (N-Nets) with cross-stitch units for
multiscale and fused feature representation, a region proposal network (RPN) for coarse regions of
interest (ROI) prediction, a linear regression network (LRN) for multiclass object detection, and
a shape regression network (SRN) for regression segmentation. Layers with a line through them
(C1-H5) represent layers joined with cross-stitch units.

1) Application: Achieved multiapplication medical image shape regression183

segmentation in a single framework.184

2) Approach: Formulated segmentation into a multitask regression problem185

to leverage deep learning in a holistic fashion.186

3) Methodology: Proposed a novel multitask regression deep learning frame-187

work with multiscale + fused feature representation enhanced by task cor-188

relations.189

The rest of this paper is organized as follows: Section 2 describes the net-190

work’s architecture and each of the separate sub-modules. Section 3 presents the191

experiment details, such as the validation datasets and evaluation metrics. Results192

and detailed discussions are in Section 4. Lastly, Section 5 concludes the paper.193

194

2. Holistic Multitask Regression Network (HMR-Net)195

2.1. Multitask regression196

The proposed HMR-Net (shown in Fig. 3) formulates the segmentation task as197

a holistic multitask regression problem to leverage joint feature learning between198

tasks. HMR-Net simultaneously learns two main tasks organ detection and shape199
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regression segmentation), which enables the network to learn task correlated fea-200

tures preferable to each task. The joint learning of multiple tasks allows the model201

to focus on more relevant features supported by the other tasks and enhances the202

model’s ability to generalize to new tasks in similar environments. HMR-Net’s203

feature parameters in N-Net are shared among three task-specific sub-modules204

(RPN, LRN, and SRN).205

Multitask regression is also applied during shape regression, where the estima-206

tion of each point is also a regression task. HMR-Net jointly models coordinate207

correlations in a similarity matrix incorporated into the target output space (see208

Section 2.5). Holistic shape information is captured by modelling the inherent209

correlations among the points.210

2.2. Multiscale and fused feature representation by N-Net with cross-stitch units211

The representation network, designed as two N-shaped networks (N-Nets)212

with cross-stitch units, combines local and global features to handle the nonlin-213

ear relationship between image appearance and object properties. A single N-214

Net incorporates a residual network (ResNet) and feature pyramid network (FPN)215

(adopted from (He et al., 2017)) as part of its backbone for multiscale feature216

representations, but additionally combines a new bottom-up pathway with fused217

features merged together from all levels of the network. ResNet was chosen for218

the backbone since it is one of the most widely used networks for regression type219

problems and is proven to be compatible with the FPN architecture in both (Ren220

et al., 2017; He et al., 2017).221

The FPN offers a solution to representing a large range of organ sizes as it is222

known for its ability to map objects to the appropriate level of representation based223

on its size. FPN extracts ROI features from distinct levels of the feature pyramid224

according to their scale. As output, different scaled feature maps are generated225

to provide multiscale organ feature representations. The formula from (Lin et al.,226

2016) to perform feature map selection based on the width w and height h of an227

ROI is given below:228

k = [ko + log2
(√

wh/224
)
], (1)

where k is the Pk layer in the FPN and ko is the target pyramid level on which to229

map an ROI with w × h = 2242. Here 224 is ImageNet’s pre-training size and ko230

is set to 4 as in Lin et al. (2016). Intuitively, Eq. 1 means that if an ROI’s scale is231

smaller, for example 1/3 of 224, it should be mapped into a finer-resolution level,232

such as k = 3. FPN operates on the concept where small objects require more233
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local and structural features that are obtained in the lower levels of the network.234

Whereas large objects benefit more from the higher-level features with greater235

semantic information.236

Where the N-Net backbone differs from that of the ResNet+FPN is that a new237

bottom-up pathway with clean lateral connections is introduced. This bottom-up238

pathway was motivated by the necessity to further enhance localization of the en-239

tire feature hierarchy for classification and boundary regression. The constructed240

pathway was inspired by (Liu et al., 2018b), in that high responses to edges is re-241

quired to accurately locate object instances. Therefore, a bottom-up path to prop-242

agate strong responses of low-level patterns to top-level layers was constructed243

for more precise classification and regression. HMR-Net further enhances the re-244

tention of local features by generating higher resolution feature map outputs for245

each layer of the FPN for classification.246

Bottom-up pathway structure: The bottom-up pathway begins from the low-247

est FPN level P2 and ends at P5, as shown in Fig. 3. From P2 to P5 the layers248

are gradually upsampled to the size of P2 (128×128×256). The new layers are249

denoted as H2, H3, H4, and H5. For each building block a higher resolution250

feature map Hi and a coarser map Pi+1 are added by lateral connections and pro-251

cessed by a 3 × 3 convolutional layer to generate the new feature map Hi+1. A252

filter size of 256 was consistently used in these building blocks. The feature map253

for each proposal is then pooled from these new feature maps. Separately for the254

boundary regression sub-module, the higher resolution features are concatenated255

into a single layer before being pooled by the ROIAlign layer (see Fig. 3).256

In addition, a coordinate convolution layer (CoordConv from (Liu et al., 2018a))257

was implemented to directly incorporated coordinate (i, j) data into the input258

channels. This allows the convolutional filters to discern their location in the259

Cartesian space for further spatial precision. As indicated in Fig. 3 by Coord-260

Channel, pixel coordinates were added as two additional dimensions as part of the261

input data.262

Cross-stitch units: Cross-stitch units enable the multitask network to auto-263

matically learn the optimal combination of task-specific and shared representa-264

tions. Inspired by (Misra et al., 2016) and (Ruder et al., 2017) cross-stitch units265

were used to combine two N-Net architectures (see Fig. 4). Similar to in (Misra266

et al., 2016) two networks are joined together; however, the alpha parameters are267

not manually set but are learned as describe in (Ruder et al., 2017). In the pro-268

posed HMR-Net, the alpha parameters allow the network to learn whether to share269

or focus on task-specific features in a subspace.270

While the concept of multitask networks may have many benefits as discussed271
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Figure 4. A schematic diagram of the cross-stitch units.

in Section 2.1, some tasks when joined together degrades the overall performance.272

This is due to the respective tasks not being closely related. This phenomenon is273

called negative transfer. Loosely related tasks may only benefit from shared pa-274

rameters at the beginning but suffer when sharing information in the later layers.275

The amount to share would vary per task, which makes pre-set alpha values infea-276

sible.277

Cross-stitch units provides a solution to negative transfer, thus allowing the278

network to learn what to share between loosely related tasks. Shape regression and279

detection are only loosely related tasks. Shape regression requires a much finer280

precision to directly estimate individual coordinates along a organ’s shape contour.281

Thus, the added alpha parameters are used to rebalance the learned features due282

to the organ detection and shape regression tasks requiring a different distribution283

of weights. This design avoids the conflict of negative transfer between loosely284

related tasks. The exact values and behaviour of the alpha parameters were not285

monitored in this current study as it was outside the scope of this paper. Studying286

the fluctuations of the alpha values would provide a lot of insight into the learning287

behaviour of deep neural networks, which will be explored in a future study.288
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2.3. Coarse-to-fine organ detection by RPN and LRN289

Organ classification and localization was performed using a two-stage coarse-290

to-fine scheme. A region proposal network (RPN) and a simple linear regression291

network (LRN) was re-implemented as described in (He et al., 2017) and (Ren292

et al., 2017) for bounding box regression and classification regression. However, a293

maxout (Goodfellow et al., 2013) activation was used for the final fully connected294

layer. Following (He et al., 2017), a ROI alignment (ROIAlign) layer instead of295

the ROI pooling layer (referred to as ROIPool in (Ren et al., 2017)) was used for296

greater spatial accuracy. The ROIAlign layer aligns the extracted features with the297

input image using bilinear interpolation. ROIAlign computes the exact values of298

the input features with four nearby sampled locations in each ROI, thus preserving299

pixel-to-pixel spatial correspondence.300

(a) (b) (c)

Figure 5. Visualization of the three stages in the region proposal network: (a) regional proposal
to propose candidate boxes, (b) bounding-box refinement to remove boxes with no object, and (c)
non-maximum suppression to remove low scoring duplicate boxes.

In the coarse-to-fine scheme, RPN performs coarse ROI localization with three301

stages (see Fig. 5): 1) ROI estimation with a series of candidate bounding boxes,302

2) bounding box refinement to remove boxes with no ROI, 3) non-maximum sup-303

pression to remove low scoring duplicate boxes. Then LRN performs fine ROI304

localization using the outputs from RPN. LRN extracts features using ROIAlign305

from each candidate box and performs classification and bounding-box regres-306

sion.307

2.4. Boundary representation308

For each organ boundary, the coordinate points were generated from approxi-309

mate ground truth segmentation masks, where p points were evenly sampled along310
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an organ’s boundary. This form of boundary representation provided the neces-311

sary flexibility to address organ shape, size, and image appearance variability in312

medical images. Each organ’s boundary was represented by a set of p points,313

boundary(i) = (xi, yi)|i=1:p. (xi, yi) is the ith boundary point’s coordinates. The314

value of p determines the resolution of the boundary shape. Too small a p value315

will result in a loss of detail in an organ’s local boundary. However, too large a p316

will increase the complexity in the network. We determined from literature (Wang317

et al., 2015; Chen et al., 2018; Du et al., 2018; Tam et al., 2018) and from exper-318

imenting with different values that p = 50 for full-scaled images (resolution of319

512x512 or more) and p = 100 for cropped/patch images smoothly approximated320

complex organ shapes without increasing complexity. A scaled normalization step321

was performed to all input images to ensure the points are in a consistent coordi-322

nate system across different images. Additionally, a rescaling step was required to323

transform the predicted boundary points back to the original image space during324

testing.325

2.5. Shape regression segmentation by SRN326

Shape regression directly estimates the coordinate points along the shape con-327

tour of an organ (Zhen et al., 2016). HMR-Net performs shape regression by mul-328

titask regression. HMR-Net simultaneously predicts the coordinates while jointly329

capturing point correlations to attain holistic shape information. The captured330

shape information can be utilized by HMR-Net as a template to predict new in-331

stances in new samples, or even to recover contours in the absence of clear edges332

and region homogeneity. A segmentation mask can then be generated from the333

predicted contour.334

Figure 6. Manifold learning. HMR-Net preserves the intrinsic local geometry of the data by
mapping a latent feature space into the target output manifold. The points lying in the three spaces
with the same colour are the same sample.

The SRN, as shown in Fig. 3, consists of two convolution layers with filter335
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sizes of 100 and 500 respectively, and four fully connected layers with filter sizes336

of 1024 each. Batch normalization is used after each convolutional layer followed337

by a ReLu activation layer. The maxout (Goodfellow et al., 2013) activation was338

used for the final fully connected layer.339

Manifold regularization: Inherent spatial and statistical correlations among340

each boundary point was modelled by implementing manifold regularization to341

learn the shared features among correlated points. A latent feature space (latent342

manifold) mapping the coordinate correlations of the input image was embedded343

into the target space (target output manifold), as shown in Fig. 6. The motiva-344

tion for manifold regularization is based on the idea that neighbouring samples on345

the target output manifold are similar in the latent manifold (Pang et al., 2019).346

Manifold regularization preserves the intrinsic local geometry of the data, which is347

used to regularize and supervise the training of HMR-Net’s shape regression. Fur-348

thermore, the advantages of leveraging the latent space to map nonlinear relation-349

ships between high-dimensional inputs and multiple outputs was demonstrated by350

(Zhen et al., 2018) whereby intertarget correlations (the boundary points in our351

case) can be automatically learned directly from the data without prior assump-352

tions and enables the simultaneous modelling of input-output relationships.353

The embedded latent feature space is represented by a constructed k-nearest354

neighbour graph G = (V,E), where V and E are the vertices and the edges355

between the vertices, respectively. The graph is constructed on multivariate targets356

{Y(i)}Ni=1, where Y(i) = {y1, . . . , yP}|P=2p andN is the number of image samples,357

to represent the local neighbour relationship. A similarity matrix SεRN×N (also358

known as an adjacency matrix) was implemented to explicitly model coordinate359

correlations for each batch of images. The similarity matrix is a symmetricN×N360

dimensional matrix consisting of non-negative elements that correspond to the361

edge weights of the graph G. Each element Si,j was calculated by a heat kernel362

with a parameter σ = 2
N(N−1)

∑N
i=1

∑N
j=1,j>1 ‖Yi − Yj‖2:363

Si,j =

{
exp

(
−‖Yi−Yj‖22

2σ2

)
, YjεNk(Yi), i 6= j, {i, j} = 1, 2, . . . , N

0, otherwise
(2)

where ‖ · ‖2 is the l2-norm and Nk obtained from the Euclidean norm represents364

the k-nearest neighbours of Yi. The l2-norm was adopted as it provides a good365

approximation of the distance of the shortest path between two points for the366

neighbouring points in a manifold (Pang et al., 2019).367

The graph G, constructed using Eq. 2, is an asymmetric directed graph, which368
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was replaces with a symmetric similarity matrix SεRN×N to create an undirected369

graph G for easier computation: S = max(S, ST ), where max(·) denotes the370

element-wise maximum operation and T is the transpose operation. The manifold371

regularization loss is defined as follows:372

Lmanifold(xi, xj) =
1∑N

i=1

∑N
j=1 u(Si,j)

N∑

i=1

N∑

j=1

Si,j‖z(xi)− z(xj)‖22 (3)

373

u(t) =

{
1, t > 0

0, t ≤ 0
(4)

The manifold loss in Eq. 3 was inspired by the work in (Pang et al., 2019),374

which used the principles of Laplacian Eigenmaps (Belkin and Niyogi, 2003). A375

penalty would incur when similar vertexes are mapped far away in the latent space376

(Pang et al., 2019). For our purposes, constructing a Laplacian graph would aid in377

minimizing sparse or outlier points along an organ’s shape contour. A Laplacian378

matrix was constructed using the l2-norm, which is optimizable using stochastic379

gradient descent (Wang et al., 2016). Contrast to the manifold loss in [13] the380

normalized Laplacian was used where,381

normL = D−1/2LD−1/2. (5)

DεRN×N is the diagonal matrix. L represents the unnormalized Laplacian given382

by L = D − S, and S is the similarity matrix. For the normalized Laplacian,383

the eigenvectors are in a “normalized” form, which are more consistent with the384

eigenvalues in spectral geometry and in stochastic processes. The choice to im-385

plement the normalized Laplacian compared to the unnormalized Laplacian was386

based on the notion by (Graham and Chung, 1996) that the normalized Laplacian387

can be generalized to all graphs. The normalized Laplacian gives each vertices a388

weight proportional to its degree, which can lead to better results (Butler, 2006).389

The manifold regularization loss with the constructed normalized Laplacian390

graph is rewritten as follows:391

Lmanifold(xi, xj) =
2∑N

i=1

∑N
j=1 u(Si,j)

tr(ZTnormLZ), (6)

where ZεRN×M are the samples in the latent space and tr(·) is the trace operation392

of a matrix.393
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2.6. Multitask loss function394

The optimization function for the HMR-Net is a hybrid multitask loss func-395

tion, which enables the network to learn its two tasks (organ detection and seg-396

mentation) by regulating the weights and biases that will benefit each task. The397

first two components of the loss function used in this paper is the same as the398

multitask loss function as implemented in (He et al., 2017). However, the mask399

loss is replaced with a shape regression loss. Our holistic multitask loss function400

for an image is defined as:401

Lmultitask(wi) = λc
∑

i

Lclass(wi) + λb
∑

i

Lbbox(wi)+

λs
∑

i

Lshape(wi) + λm
∑

i

Lmanifold(wi) + λreg
∑

i

‖(wi)‖2,

(7)

which is the sum of the loss function for the classes Lclass, the loss function for402

the bounding boxes Lbbox, the loss function for the boundaries Lshape, and the403

manifold regularization loss Lmanifold (see Eq. 6) as shown above. The manifold404

loss helps to regularize the estimated points to remain inside their real distribution.405

λc, λb, λs, and λm, are the scaling factors for their corresponding importance in406

the loss. The last term with is the l2-norm regularization for the trainable weight407

wi and λreg is a hyperparameter. Note Lbbox and Lshape, the bounding box loss408

and shape regression loss respectively, are activated only for positive anchors as409

described in (Ren et al., 2017).410

The class loss function employed was the softmax cross-entropy for multilabel411

classification. Whereby pi is the predicted probability of anchor i being an object412

and p∗i is the approximate ground truth label (binary).413

Lclass(pi, p
∗
i ) = −p∗i log(pi)− (1− p∗i )log(1− pi), or

414

Lclass(pi, p
∗
i ) =

{
−log(pi) if p∗i = 1

−log(1− pi) otherwise
(8)

Smooth-L1 loss was used for the bounding box loss function and multi-organ415

localization. ti is the vector of 4 parameterized coordinates of predicted bounding416
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boxes and t∗i is the approximate ground truth bounding box associated with a417

positive anchor.418

Lbbox(ti, t
∗
i ) =

∑

iε{x,y,h,w}
smoothL1(ti, t

∗
i )

419

smoothL1(x) =

{
0.5x2 if |x| < 1

|x| − 0.5 otherwise
(9)

The mean squared error (MSE) combined with the Euclidean distance metric420

was selected for the shape regression loss function. qi is the vector of N parame-421

terized coordinates of predicted boundary points and q∗i is the approximate ground422

truth boundary associated with a positive anchor.423

Lshape(qi, q
∗
i ) =

1

N

N∑

i=1

(
(q∗i − qi)2 + ‖qi‖22

)
, (10)

Stochastic gradient decent was used as our optimization function and a l2 reg-424

ularization was added to further avoid overfitting the model.425

3. Experiment Configurations426

3.1. Datasets427

In this paper, three regions of the body that contains the most organ variability428

were examined: head, neck, and spine. These regions validate our model’s ca-429

pabilities of adapting for different applications. The proposed model was trained430

and evaluated on eight separate task datasets generated from five main image sets.431

The statistics of the task datasets are reported in Table 1. The first image set432

consisted of head CT images obtained from 53 anonymous patients. The second433

image set consisted of head and neck CT images obtained from 56 anonymous434

patients, and lastly, three spine datasets of MRI and CT images were collected435

from 113 anonymous patients (including disc degeneration and vertebrae fracture436

cases). The total number of patients from all five image sets was 222. All CT437

images in the first two image sets were axially reconstructed. Images from the438

head dataset came from different CT scans with varying pixel spacing settings439

for each patient. Images from the head and neck dataset had a pixel width and440
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height of 1.27 mm, voxel depth of 1.25 mm, and a matrix dimension of 512 ×441

512. The CT spine datasets contained regions of interests cropped manually. The442

first MRI spine image set consisted of sagittal T2-weighted 1.5 T MRI scans from443

93 subjects (46 men, 47 women, average 49 ± 15 yrs) with a TR (repetition time)444

of 4000 ms and TE (echo time) of 85 ms. The in-plane resolution was 0.5 mm445

× 0.5 mm with a slice thickness of either 1 mm or 1.6 mm. The scans covered446

the entire lumbar spine and a small portion of the thoracic spine. The second447

MRI spine image set consisted of axial T1-weighted 1.5 T MRI scans from 10448

subjects (6 men, 4 women, average 48 ± 9 yrs) with a TR of 500 ms and TE of449

11 ms. The in-plane resolution was 0.4 mm × 0.4 mm with a slice thickness of450

4 mm. The scans covered the entire lumbar spine. The CT spine image set is451

publicly available at http://csi-workshop.weebly.com/challenges.html (Yao et al.,452

2012) consisting of CT scans from 10 young adults (16-35 yrs old). The in-plane453

resolution was between 0.31 and 0.45 mm and the slice thickness was 1 mm. The454

scans covered the entire thoracic and lumbar spine.455

Table 1. Statistics of the eight datasets.

Dataset Structures Subjects Images Planes Modalities

Spine (SD-MR-Sag) Intervertebral disc 93 465 Sagittal MR

Spine (SV-MR-Sag) Vertebral body 93 465 Sagittal MR

Spine (S-MR-Sag) Intervertebral disc / Vertebral bodies (L1, L2, L3, L4, L5) 93 93 Sagittal MR

Spine (SV-MR-Ax) Vertebral body 10 50 Axial MR

Spine (SV-CT-Sag) Vertebral body 10 170 Sagittal CT

Spine (SV-CT-Ax) Vertebrae 10 170 Axial CT

Head Brainstem / Chiasm / Eye globe (LR) / Optic nerve (LR) 53 5164 Axial CT

Head and
Neck (HaN)

Brainstem / Eye globe (LR) / Esophagus / Larynx /
56 10776 Axial CT

Lips / Mandible / Oral cavity / Parotid (LR) / Submandibular (LR) / Thyroid

Notation: (LR) refers to the left and right structure belonging to the specified organ class.

Manual approximate ground truth delineations were performed by experi-456

enced radiologists for the following organs: brainstem, chiasm, esophagus, eye457

globes, larynx, lips, mandible, optical nerves, oral cavity, parotid glands, spinal458

cord, vertebrae and intervertebral discs from the lumbar and thoracic regions, sub-459

mandibular glands, and thyroid. The average of the manual annotations between460

two physicians were used as the approximate ground truth. Since deep learn-461

ing methods requires large amounts of data, augmentation was performed on the462

training samples to improve the generalization performance by randomly flipping,463

rotating, translating, scaling, cropping, and adding a Gaussian blur.464

465
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3.2. Training configurations466

The proposed model was implemented in Python 3.6, Keras 2.1.5 (Chollet,467

2015), and a TensorFlow 1.9 library (Abadi et al., 2016). Training was conducted468

on Nvidia P100 Pascal and Nvidia GTX 1080ti GPUs. The initial learning rate469

was 0.001 with a decay rate of 0.000001 and batch size of 3. Weight decay and470

Nesterov momentum were 0.0001 and 0.9 respectively. The aforementioned val-471

ues are the initial hyperparameter settings to train the eight datasets. The hy-472

perparameters for smaller size datasets or imbalanced datasets were adjusted to473

better regularize overfitting, by adding spatial dropout values and kernel regular-474

ization. The ResNet+FPN backbone and RPN re-implementations were based on475

TensorFlow and Keras using (Abdulla, 2017). We summarize HMR-Net’s train-476

ing algorithm in Table 2.477

478

Table 2. Summary of HMR-Net’s training algorithm

Algorithm 1: HMR-Net Training

Input: an image I = {I1, ..., IN} with N pixels, class labels,

bounding boxes, boundary coordinates, and a similarity matrix:

Yclass = {c1, ..., cN}, Ybbox = {y1, x1, y2, x2},
Yboundary = {y1, x1, ..., yp, xp}|p=50 or p=100,

Ymanifold = SεRN×N

Output: wnresnet,wrpn,wlrn,wsrn,wrpnclass,wrpnbbox,wclass,

wbbox,wboundary

1 He normal initialization of weights;

2 while Lmultitask not converged do

3 normalize Ybbox and Yboundary coordinates;

4 compute (1) for ROI feature map selection;

5 compute Lmultitask (7);

6 update wnresnet, wrpn, wlrn, and wsrn with back propagation from

Lmultitask;

7 end

3.3. Evaluation metrics479

Five evaluation metrics were used in this study to evaluate the performance480

of our model: 1) k-fold cross-validation, 2) the intersection over union (IoU), 3)481
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mean average precision (mAP), 4) dice similarity coefficient (DSC), and 5) the482

Hausdorff distance (HD).483

A k-fold cross-validation scheme was used to split our dataset for training and484

testing. The cross-validation computes a statistic on the left out samples. For485

this metric k is the number of equal sized subsamples that the original sample is486

randomly partitioned into; in this paper k = 5. For each k iteration (folds), the487

model is trained with k − 1 subsamples leaving a single subsample to be used for488

testing (Refaeilzadeh et al., 2009).489

IoU (also known as the Jaccard index) was used to measure the amount of490

overlap between the approximate ground truth bounding boxes and the automati-491

cally generated bounding boxes. IoU is given by the following expression,492

IoU(M,A) =
M
⋂
A

M
⋃
A
, (11)

where M is the area of the approximate ground truth bounding box, A is the area493

of the automated bounding box, M
⋂
A is the area of the overlap region between494

M and A, and M
⋃
A is the area of union of the approximate ground truth and495

automated bounding boxes combined. IoU has a range of (0,1) where the change496

from 0 to 1 represents no overlap to complete overlap. The threshold for an IoU497

> 0.7 indicated a positive match and IoU < 0.3 for negative matches.498

Localization accuracy was evaluated using mAP, which is the average of all the499

average precisions from all the classes in the dataset over IoU thresholds of 0.5 to500

0.95. Precision and recall are given by: Precision = TP
TP+FP

, Recall = TP
TP+FN

,501

respectively, where TP is true positive, FP is false positive, and FN is false502

negative. Average precision (AP) is the sum of all the precisions of a class in the503

validation set over the number of images with objects belonging to that class. AP504

was calculated to determine the mAP expressed as: mAP = 1
11

∑
rε{0.0,...,1.0}APr,505

where mAP is the sum of the APs taken at 11 recall thresholds between 0 and 1.506

The DSC (or F1 score) is given by the following expression: DSC = 2|M∩A|
|M |+|A| ,507

whereM is the area of expert manual segmentation,A is the area of the automated508

segmentation, and M ∩ A is the area of overlap between M and A. DSC has a509

range of (0,1) where the change from 0 to 1 represents no overlap to complete510

overlap.511

The directed HD (h) between two point sets A = {a1, ..., ap} the automated512

contour and M = {m1, ...,mp′} the manual contour is the maximum distance513

between each point (p) from the automated contour to its nearest point (p′) of the514

manual contour expressed as: h(A,M) = max
pεA

(min
p′εM
||p− p′||), where || · || is any515
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norm (e.g. the euclidean norm or l2). The HD is then the maximum directed HDs516

in both directions. HD between point sets A and M is given by: HD(A,M) =517

max (h(A,M), h(M,A)).518

4. Results and Discussion519

4.1. Overall performance520

Sample visual segmentation results for each of the eight datasets compared521

against the approximate ground truth are displayed in Fig. 7. The closely over-522

lapping contours demonstrates that HMR-Net effectively classifies, locates and523

segments medical images in multiple applications with great accuracy. Images524

from the eight tasks cover a broad range of medical applications, including var-525

ious organs spanning different regions of the body, displayed in different planes,526

and obtained from multiple imaging modalities. HMR-Net demonstrates excel-527

lent generality by overcoming the diversity of these images. HMR-Net achieves528

an accurate performance for organs of varying sizes, and is capable of capturing529

the ambiguous boundary of the oral cavity in the presence of image artefacts, in-530

dicated by the yellow arrow in Fig. 7(f). Quantitative results for each of the target531

organs among the eight datasets are presented in Table 3. DSC scores ranged from532

0.44 for the thyroid to 0.91 for the oral cavity.533

534

As shown in Fig. 7, the spine vertebra MR axial dataset consists of a single535

object, but with shape variations. Despite having a very limited number samples536

(50 images, refer to Table 1 for more details). HMR-Net exhibits a DSC score537

of 0.87 and a mAP of 0.75 (see Table 4). This illustrates HMR-Net’s capabilities538

even with small sample sets.539

The spine vertebra CT axial dataset also consists of a single object, but con-540

tains immense geometric shape variations. Contrast to the vertebra MR axial541

dataset, the CT counterpart possesses more samples (170 images) for a single542

object task. However, the vertebra CT axial images contain much greater shape543

variations and complexity (e.g. objects with occlusions and multiple parts) (see544

Fig. 7). HMR-Net performs the worse for this task out of the other spine datasets545

with a DSC score of 0.75, but its performance is reasonable given the task’s com-546

plexity.547

Both the spine vertebral body and disc MR sagittal datasets represent cropped548

ROI versions of the spine MR sagittal dataset. The spine vertebral body CT sagit-549

tal dataset also represents a cropped ROI image task. HMR-Net achieves the550

highest scores for these three task datasets out of the total eight tasks with DSC551
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Figure 7. Sample HMR-Net segmentation results for each of the eight representative task datasets.
a) Spine vertebra MR axial, b) spine vertebra CT axial, c) spine vertebral body MR sagittal, d)
spine vertebral body CT sagittal, e) spine disc MR sagittal, f) head CT, g) spine MR sagittal, and
h) head and neck CT. Manual delineations are in blue and HMR-Net’s result is outlined in orange.
HMR-Net is capable of segmenting organs in the presence of image artefacts as indicated by the
yellow arrow.

scores of 0.93, 0.88, and 0.89 for the MR vertebral body, MR intervertebral disc,552

and CT vertebral body datasets respectively.553

Spine MR sagittal, head CT, and the head and neck CT datasets represent a554

multiclass object segmentation task. The last column in Table 4 reports the per-555

formance of HMR-Net for these three datasets. For this complex task, HMR-Net556

achieved DSC scores of 0.83 for the spine MR sagittal multiclass dataset, 0.52557

for head CT, and 0.66 for the head and neck CT dataset. For multiclass tasks,558

HMR-Net is capable of achieving a consistent high performance on medium to559

large size organs, illustrated by the spine MR dataset results (see Table 4). How-560

ever, the overall accuracy is dragged down when there are very small and complex561

organs present. A comparison between performing single class segmentation and562

multiclass segmentation for the head datasets validates this point (see Table 7).563

If a single class is only considered HMR-Net can achieve an average DSC ac-564
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Table 3. HMR-Net’s performance for each target structure.

Structures DSC HD (mm) mAP50-95

brainstem 0.81 ± 0.10 3.73 ± 0.65 0.51

chiasm 0.48 ± 0.13 5.59 ± 0.58 0.33

eye globe left 0.86 ± 0.14 2.79 ± 0.84 0.65

eye globe right 0.84 ± 0.17 2.85 ± 0.86 0.62

esophagus 0.85 ± 0.05 3.66 ± 0.57 0.59

intervertebral discs 0.90 ± 0.05 3.89 ± 0.81 0.82

larynx 0.84 ± 0.08 4.18 ± 0.75 0.57

lips 0.73 ± 0.08 5.55 ± 0.55 0.73

mandible 0.60 ± 0.20 3.57 ± 1.45 0.55

optic nerve left 0.57 ± 0.21 3.90 ± 1.60 0.29

optic nerve right 0.66 ± 0.19 3.70 ± 1.40 0.34

oral cavity 0.91 ± 0.03 3.62 ± 0.83 0.72

parotid left 0.67 ± 0.15 4.61 ± 1.05 0.36

parotid right 0.64 ± 0.20 4.80 ± 1.00 0.33

spinal cord 0.84 ± 0.06 2.94 ± 0.52 0.53

submandibular left 0.78 ± 0.10 3.79 ± 0.68 0.43

submandibular right 0.79 ± 0.10 3.58 ± 0.59 0.41

thyroid 0.44 ± 0.22 3.72 ± 1.25 0.53

vertebrae 0.87 ± 0.06 2.92 ± 0.46 0.80

Notation: Dice similarity coefficient (DSC) and Hausdorff distance (HD) are given in
terms of mean (± standard deviation). The mean average precision (mAP) indicates the
detection precision for classifying each organ. mAP reported here are at IoU thresholds
from 50-95.

curacy of approximately 0.70 across all the organs in head and neck region, but565

when learning all the classes simultaneously the accuracy drops by roughly 10%.566

This drop in performance indicates a limitation in the object detection branch567

for handling imbalanced samples for small and complex organ structures (organs568

with large geometric variability). Nevertheless, this performance drop was well569

within the expectations for the multiclass object segmentation task performed in570

this study. HMR-Net’s ability to perform multiclass object segmentation is an ad-571

ditional feature to further demonstrate the network’s generalizability for multiple572

applications.573
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4.2. Correlation analysis574

A correlation analysis was used to demonstrate the strong correlation between575

HMR-Net’s segmentation results to the manual delineation. Fig. 8 shows the cor-576

relation between the estimated area and the manual delineation for each of the577

eight task datasets. The Pearson’s Correlation Coefficient (also know as Pearson’s578

R) for each dataset were reported to be 0.914, 0.909, 0.758, 0.798, 0.826, 0.933,579

0.796, and 0.813 for the disc MR sagittal, vertebral body MR sagittal, vertebra580

MR axial, vertebral body CT sagittal, vertebra CT axial, lumbar spine MR sagit-581

tal, head CT, and head and neck CT datasets, respectively. Pearson’s R values that582

are greater than 0.7 demonstrate strong correlations and R values that are greater583

than 0.9 have very strong correlations. Therefore, HMR-Net’s segmentation re-584

sults possess strong correlations with the manual delineations for the vertebra MR585

axial, vertebral body CT sagittal, vertebra CT axial, head CT, and head and neck586

CT applications, and possesses very strong correlations for the disc MR sagittal,587

vertebral body MR sagittal, and lumbar spine MR sagittal applications. Since all588

of the correlations coefficients are above 0.7, the results demonstrate that HMR-589

Net’s performance is strongly correlated to the manual delineations/approximated590

ground truth.591

4.3. Ablation analysis592

Ablation experiments were performed to demonstrate the effectiveness of the593

manifold regularization loss and the employment of cross-stitch units. As shown594

in Table 4, HMR-Net’s performance including both components achieves the595

highest score for a majority of the tasks indicating the benefit of incorporating596

them. The absence of either component resulted in a reduction in performance.597

For instance, the spine MR axial dataset’s DSC score improved approximately598

7-9% from 0.80 and 0.78 to 0.87 when both the cross-stitch layers and manifold599

regularization components were used. mAP scores also improved from 0.67 and600

0.70 to 0.75. The absence of the manifold regularization provided the greatest601

reduction in performance indicating the importance of preserving a data’s local602

geometric structure. This can be seen by the difference in results from all eight603

datasets especially from the head and neck multiclass dataset with improved DSC604

scores of 0.54 to 0.66 and a mAP of 0.10 to 0.26.605

4.4. Comparative analyses606

4.4.1. Advantages of shape regression versus semantic segmentation607

This paper aims to provide an alternative method to traditional pixel segmen-608

tation approaches. In this section we highlight the key disadvantages of pixel and609
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Figure 8. Correlation analysis between the estimated segmentation area and the manual delin-
eation for each of the eight datasets. Points on the y=x line (black line) denote the complete
overlap. The Pearson’s R or Correlation Coefficient are displayed on the top left of each plot. R
values > 0.7 indicate strong correlations and R values > 0.9 indicate very strong correlations.
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Table 4. HMR-Net’s ablation study results.

Condition Manifold Regularization Cross-stitch Layers HMR-Net (All)

Dataset DSC mAP50-95 DSC mAP50-95 DSC mAP50-95

SD-MR-Sag 0.82 ± 0.07 0.70 0.91 ± 0.05 0.85 0.91 ± 0.05 0.82

SV-MR-Sag 0.90 ± 0.02 0.74 0.94 ± 0.02 0.85 0.93 ± 0.03 0.88

SV-MR-Ax 0.78 ± 0.03 0.67 0.80 ± 0.10 0.70 0.87 ± 0.03 0.75

SV-CT-Sag 0.87 ± 0.06 0.80 0.92 ± 0.03 0.87 0.93 ± 0.05 0.89

SV-CT-Ax 0.69 ± 0.18 0.79 0.67 ± 0.20 0.67 0.75 ± 0.11 0.77

S-MR-Sag 0.82 ± 0.06 0.71 0.87 ± 0.06 0.71 0.83 ± 0.10 0.71

Head (multiclass) 0.44 ± 0.20 0.32 0.50 ± 0.19 0.35 0.54 ± 0.19 0.37

HaN (multiclass) 0.54 ± 0.21 0.10 0.54 ± 0.21 0.20 0.66 ± 0.15 0.26

Notation: Dice similarity coefficient (DSC) and Hausdorff distance (HD) are given in
terms of mean (± standard deviation). Mean average precision (mAP) at IoU thresholds
from 50-95. The highest DSC and mAP values are in bold.

semantic segmentation methods and the advantages that shape regression segmen-610

tation brings.611

Figure 9. Visual results of the artefacts and ambiguous boundary samples for shape regression
and semantic segmentation. Top row: semantic segmentation head results. Bottom row: shape
regression head results. For the ambiguous boundary samples the organs without clear edges are
indicated by the yellow arrows. Manual delineations are shown in blue and predicted results are
shown in orange.

The disadvantages of semantic segmentation are two fold:612

1) Neighbouring pixel dependence. Traditional semantic segmentation ap-613
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proaches place a heavy dependence on its neighbouring pixels to determine614

the probability of its target class; such that a single positive pixel is de-615

termined if its neighbouring pixels are also positive. However, where this616

becomes problematic is when there is the presence of noise or artefacts that617

distort the image or a lack of clear edges.618

2) Inhomogeneity influenced. Semantic segmentation methods are easily im-619

pacted by inhomogeneous intensities and can be misled by neighbouring620

pixel groups with similar characteristics that are generated from image arte-621

facts, low contrast, or obstructing objects. The results from semantic seg-622

mentation impacted by inhomogeneous intensities/ambiguous boundaries623

often require post-processing to resolve holes and the removal of wrongly624

predicted regions.625

The advantages of shape regression consist of two main aspects:626

1) Simpler organ representation. Shape regression represents an object by its627

boundary points omitting the inside area of the object, thus removing the628

need to account for the inhomogeneous intensity inside the object. Since co-629

ordinate points have spatial coherence and statistical correlation, the holistic630

shape regression can also obtain a more accurate estimation by learning a631

nonlinear multi-output regressor.632

2) Holistic shape information. The holistic regression approach of shape re-633

gression, which involves the simultaneous regression of each boundary point,634

makes full use of the input image and global shape prior to simultaneously635

guide the regression task (Chen et al., 2018). Abundant information on the636

boundary points can be obtained from this holistic approach greatly weak-637

ening the impacts of local noise disturbance and intensity inhomogeneity.638

The global shape of an organ is used in contrast to semantic segmentation639

that relies mainly on the local features for segmentation. Furthermore, the640

learned global shape prior can act as a template to pad missing parts of a641

boundary that often causes poor segmentation results (Du et al., 2018).642

Comparison experiments in contrast to semantic segmentation were performed643

to support the hypothesis for shape regression’s advantage of recovering an or-644

gan’s contour in the absence of clear edges and region homogeneity. After ROIAlign,645

we replaced the shape regression head with a refined segmentation head. Visual646

results are presented in Fig. 9, where the manual delineations are shown in blue647
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Table 5. Performance comparison on organs affected by artefacts for shape regression and seman-
tic segmentation.

Method Shape Regression Semantic Segmentation

Organs DSC HD (mm) DSC HD (mm)

brainstem 0.79 ± 0.13 2.19 ± 0.38 0.75 ± 0.09 2.08 ± 0.45

esophagus 0.67 ± 0.03 3.67 ± 0.31 0.57 ± 0.15 3.95 ± 0.73

lips 0.53 ± 0.14 5.16 ± 0.60 0.59 ± 0.10 4.92 ± 0.74

mandible 0.69 ± 0.15 2.82 ± 1.40 0.75 ± 0.14 2.81 ± 1.37

oral cavity 0.86 ± 0.05 3.13 ± 0.59 0.87 ± 0.05 3.10 ± 0.67

parotid left 0.72 ± 0.09 3.40 ± 0.58 0.73 ± 0.07 3.43 ± 0.64

parotid right 0.70 ± 0.21 3.89 ± 0.87 0.69 ± 0.21 3.58 ± 0.90

spinal cord 0.67 ± 0.05 2.66 ± 0.25 0.66 ± 0.07 2.21 ± 0.43

thyroid 0.50 ± 0.06 3.58 ± 0.45 0.36 ± 0.01 4.14 ± 0.78

Notation: Dice similarity coefficient (DSC) and Hausdorff distance (HD) are given in
terms of mean (± standard deviation).

Table 6. Performance comparison on organs with ambiguous boundaries for shape regression and
semantic segmentation.

Method Shape Regression Semantic Segmentation

Organs DSC HD (mm) DSC HD (mm)

brainstem 0.81 ± 0.09 3.14 ± 0.75 0.81 ± 0.09 3.19 ± 0.80

esophagus 0.58 ± 0.16 3.49 ± 0.76 0.54 ± 0.18 3.77 ± 0.64

larynx 0.76 ± 0.10 3.48 ± 0.51 0.74 ± 0.11 3.52 ± 0.79

lips 0.64 ± 0.03 5.62 ± 0.60 0.65 ± 0.10 5.67 ± 0.60

oral cavity 0.84 ± 0.04 3.64 ± 0.57 0.85 ± 0.06 3.63 ± 0.82

parotid left 0.66 ± 0.16 3.76 ± 0.64 0.59 ± 0.18 3.91 ± 0.68

parotid right 0.53 ± 0.25 4.59 ± 1.02 0.57 ± 0.24 4.30 ± 1.01

submandL 0.64 ± 0.18 3.32 ± 0.95 0.66 ± 0.14 3.00 ± 0.51

submandR 0.65 ± 0.14 2.86 ± 0.48 0.52 ± 0.20 3.29 ± 0.80

thyroid 0.52 ± 0.19 4.44 ± 1.69 0.44 ± 0.16 4.49 ± 1.56

Notation: Dice similarity coefficient (DSC) and Hausdorff distance (HD) are given in
terms of mean (± standard deviation).
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and the predicted results are displayed in orange. In the absence of clear bound-648

ary edges or region homogeneity, shape regression was able to capture the tar-649

get organs’ contour/shape more effectively than semantic segmentation as shown650

in Fig. 9. Shape regression results resemble more closely to the approximated651

ground truth overall.652

In Table 5 the quantitative results comparing shape regression with semantic653

segmentation on artefact samples are presented. Shape regression is similar or per-654

forms better to semantic segmentation for organs present in the samples possess-655

ing artefacts. Comparison results on samples focusing on organs with ambiguous656

boundaries mainly due to low contrast for soft tissues or from minor affects from657

artefacts were reported in Table 6. The results in Table 6 demonstrates that shape658

regression outperforms or is comparable to semantic regression for ambiguous659

boundary samples.660

4.4.2. Advantages in combined learning of closely related tasks661

A comparative study was performed to demonstrate the effectiveness of adding662

similar closely related tasks and supplementary information to challenging tasks.663

The advantages of jointly learning multiple tasks (such as MR and CT) are two-664

fold:665

1) Experimentally. Our comparison experiment verified that multi-modal learn-666

ing does mutually benefits from learning shared information. However,667

the lack of pixel-to-pixel coherence between CT and MR images where a668

cross-modality relationship exists in a semantic space creates a new chal-669

lenge, especially in unpaired and non-registered data. For many existing670

multi-modal methods, input data are often paired and co-registered across671

sequences. Only more recently have unpaired data cases been addressed672

(Dou et al., 2020). Our CT and MR data did not come from the same cohorts673

and thus represent unpaired and non-registered multi-modal images. Fig. 10674

below demonstrates that there is still a mutual benefit of cross-modality in-675

formation in unpaired and non-registered data. However, this is limited for676

the axial plane where the vertebra shape is vastly different across the two677

modalities in our datasets (two vertebra shape variations in the MR axial678

data and five vertebra shape variations in the CT axial data).679

2) Theoretically. Multi-modal learning can exploit shared cross-modality in-680

formation that is otherwise lost during single modal learning. Complemen-681

tary information on target structures can compensate for the deficiencies in682

either modality, such as CT’s high contrast for bone structures and MRI’s683
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strong contrast for soft tissues. Current literature has proven that multi-684

modal learning and leveraging cross-modality information is superior to685

single modal learning and can boost the overall performance (Dou et al.,686

2020; Yu et al., 2020; van Tulder and de Bruijne, 2019).687

Figure 10. Performance comparison of learning MR and CT spine tasks individually and together.
In the sagittal view, the performance of MR + CT was significantly better (p < 0.001) than both
the MR and CT models trained alone according to the HD score. In the axial view, MR + CT’s
HD score was only significantly better than MR alone (p < 0.001).

Fig. 10 demonstrates that the combined tasks of both MR + CT images for688

the vertebra, in contrast to learning the tasks individually, mutually benefit from689

both tasks. For the sagittal plane, the combined method demonstrated signifi-690

cant improvement (p < 0.001) for the boundary’s HD score by approximately 1691

mm reducing from 4.06 mm for MR and 3.70 mm for CT to 3.05 mm for MR +692

CT. The overall mean DSC scores however remained the same. While there was693

a slight improvement for the segmentation aspect the mAP score for detections694

across overlap thresholds of 50-95 decreased to 0.78 for MR + CT from 0.88 for695

MR and 0.89 for CT. These results demonstrate that with very similar and closely696

related tasks the combined learning mutually helps to boost the final segmenta-697

tion performance for the vertebral bodies. However, the decrease in the detection698

32

                  



precision at higher confidence scores with the addition of different modality sam-699

ples could be attributed to the large contrast differences across modalities; thus700

increasing the recognition task’s level of difficulty.701

On the other hand for the more challenging axial plane task, while the joint702

learning of the MR + CT task was unable to retain the high DSC performance as703

the individual MR task, the combined MR + CT still achieved a higher perfor-704

mance compared to the individual CT task. MR + CT also possessed significantly705

lower overall mean HD score (p < 0.001) compared to the individual MR task.706

This potentially indicates that the task benefited from learning the MR samples707

to supplement the challenging CT axial samples and learned more sample shape708

variations from the CT samples to reduce the overall mean HD score for the MR709

samples.710

4.4.3. Literature comparative analysis711

A comparative study against current state-of-the-art algorithms was conducted712

comparing HMR-Net against the widely used U-Net (Ronneberger et al., 2015) as713

a general framework for medical image segmentation, and RegressionCNN (Chen714

et al., 2018), a shape regression framework. As shown in Table 7, HMR-Net is715

comparable or superior to both U-Net and RegressionCNN for each of the eight716

representative task datasets in terms of overall segmentation overlap.717

Table 7. State-of-the-art model comparisons for the eight applications.

U-Net Regression CNN HMR-Net

Datasets DSC HD (mm) DSC HD (mm) DSC HD (mm)

SD-MR-Sag 0.85 ± 0.10 2.74 ± 0.58 0.75 ± 0.11 1.88 ± 0.33 0.91 ± 0.06 3.89 ± 0.88

SV-MR-Sag 0.89 ± 0.07 2.75 ± 0.55 0.86 ± 0.06 1.80 ± 0.35 0.93 ± 0.03 4.07 ± 0.97

SV-MR-Ax 0.48 ± 0.15 2.37 ± 0.60 0.81 ± 0.05 1.69 ± 0.18 0.87 ± 0.03 2.42 ± 0.19

SV-CT-Sag 0.79 ± 0.15 3.54 ± 0.54 0.80 ± 0.05 1.68 ± 0.13 0.93 ± 0.05 3.70 ± 0.53

SV-CT-Ax 0.60 ± 0.21 2.28 ± 0.53 0.58 ± 0.18 1.73 ± 0.27 0.75 ± 0.11 2.23 ± 0.29

Head (single-class) 0.51 ± 0.18 3.86 ± 0.69 0.67 ± 0.14 3.20 ± 0.54 0.70 ± 0.11 4.31 ± 1.15

HaN (single-class) 0.55 ± 0.19 3.72 ± 0.77 0.73 ± 0.09 3.20 ± 0.55 0.71 ± 0.08 3.40 ± 0.63

S-MR-Sag N/A N/A N/A N/A 0.83 ± 0.10 2.16 ± 0.32

Head (multiclass) N/A N/A N/A N/A 0.54 ± 0.19 3.41 ± 0.66

HaN (multiclass) N/A N/A N/A N/A 0.66 ± 0.15 3.43 ± 0.78

Notation: Dice similarity coefficient (DSC) and Hausdorff distance (HD) are given in
terms of mean (± standard deviation). The highest DSC values and the lowest HD values
are in bold.

33

                  



Figure 11. Sample visual results from the state-of-the-art models compared with HMR-Net.
HMR-Net’s result, depicted in the far right, is the most comparable to the approximate ground
truth in contrast to the other two methods.

However, the HD that represents the maximum distance between each point718

from the predicted contour to its nearest point of the manual contour was best719

minimized by RegressionCNN (as shown in Table 7, column 2). This degrade in720

performance for HMR-Net contrast to RegressionCNN can be attributed to the ef-721

fect of negative transfer from the detection network branch in multitask networks722

(described in Section 2.2). When performing joint organ detection and segmen-723

tation, the segmentation results are heavily dependent on the detection branch’s724

performance. The positioning of the predicted bounding box can offset and affect725

the regression segmentation’s predicted position as well. Extracted features for726

the coarse-to-fine localization of the target organ does not provide enough preci-727

sion to aid the shape regression task and may potentially lead some points astray.728

Although we implemented cross-stitch layers to attempt to remedy the negative729

transfer challenge, it is possible that allowing the network to learn similarly to730

sluice networks (Ruder et al., 2017) with a beta parameter to control the output731

layers for each task may help improve the overall final results even further.732

U-Net was designed best for binary segmentation tasks, thus for our multiclass733

datasets we trained both U-Net and HMR-Net for each organ class as a binary seg-734

mentation problem. RegressionCNN was designed as a single class shape regres-735

sion algorithm with its target organs centred and cropped. The training protocol736

for both U-Net and RegressionCNN followed their respective literature descrip-737

tions to achieve optimal results. The binary cross-entropy loss was used for U-Net738
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and the MSE loss was used for RegressionCNN.739

Sample results from each comparison algorithm are displayed in Fig. 11. HMR-740

Net’s segmentation results are the most comparable to the approximate ground741

truth compared to both U-Net and RegressionCNN. Our proposed framework742

achieves the best performance for a majority of the task datasets examined in this743

paper (see Table 7). HMR-Net even outperforms the semantic segmentation-based744

model U-Net.745

4.5. Variance analysis746

To evaluate the estimated performance on other datasets we performed a vari-747

ance analysis to determine the variance of HMR-Net on each of the task datasets.748

The variance is high if the difference between the training and testing accuracies749

is large and the variance is low if the difference between the two accuracies is750

low. We characterize the performance accuracy estimate using the test/train ratio.751

Table 8 displays the results of the variance analysis where if the values in the ratio752

column approach 1 the model’s variance is low for its corresponding application.753

Low variance for a machine learning model is indicative that the model is robust754

to similar unseen data.755

Table 8. Variance analysis for each of the eight applications.

Dataset Train DSC Test DSC Ratio (Test/Train)

SD-MR-Sag 0.93 0.91 0.98

SV-MR-Sag 0.94 0.93 0.99

SV-MR-Ax 0.94 0.87 0.93

SV-CT-Sag 0.97 0.93 0.96

SV-CT-Ax 0.77 0.75 0.97

S-MR-Sag 0.85 0.83 0.98

Head (multi-class) 0.68 0.55 0.81

HaN (multi-class) 0.75 0.66 0.88

Notation: Dice similarity coefficient (DSC).

4.6. Potential applications756

The proposed method holds great potential for the following applications:757

1) Image analysis applications. Directly, HMR-Net was trained on eight repre-758

sentative task datasets that demonstrate its potential performance for the fol-759

lowing: single organ and multi-organ segmentation, large and small datasets,760
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balanced and imbalanced datasets, image slices on different planes and761

imaging modalities, and datasets with few to large organ size variability.762

2) Post-processing applications. HMR-Net tags and identifies multiple differ-763

ent organs along with their location and exact boundaries, enabling easier764

post-information processing and association. Whereas in clinical routine,765

physicians have to manually record organ labels and documentation details.766

The proposed algorithm can automatically extract and provide this infor-767

mation helping to reduce one more tedious task in the radiology diagnostic768

workflow.769

Other potential applications for the proposed network are not limited to the list770

above but can be extended to other organs in the body such as cardiac structures,771

liver, kidney, knee, clavicle, among others.772

773

4.7. Highlights of the HMR-Net architecture774

The proposed HMR-Net architecture performance benefits from the following775

aspects:776

1) The framework considers the relationship and learning behaviour of loosely777

related tasks and rebalances the learned features for detection and segmen-778

tation with a trainable alpha parameter. The weights are redistributed to779

better fit the two specific tasks during training.780

2) The feature pyramid network provides multiscale feature maps from differ-781

ent layers of the network best suited for different object sizes. Small objects782

require more local and structural features that are obtained in the lower lev-783

els of the network. Whereas large objects benefit more from the higher-level784

features with greater semantic information.785

3) The bottom-up pathway after the feature pyramid network was constructed786

to propagate strong responses of low-level patterns to top-level layers neces-787

sary to accurately locate object instances. The higher resolution feature map788

outputs, generated from the bottom-up pathway, then helps to enhance the789

retention of lower-level features to solve the challenging regression tasks.790

4) Merging of the feature map outputs only for shape regression enhanced the791

point estimation task by providing both low-level and top-level features nec-792

essary for finer precision.793
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4.8. Relation between localization and delineation794

The idea of finding an organ’s location is generally not necessary when the795

final aim is to find the contours; however, the additional feature possesses two-796

fold advantages:797

1) Data preprocessing. Localization, or ROI detection specifically, is gen-798

erally used as a preprocessing step to image segmentation. In this paper,799

we automate the localization process to reduce this tedious step. Manual800

or semi-automated data preprocessing adds additional user biases that can801

be avoided in a completely automated system. Automated localization in802

conjunction with segmentation has also been performed in previous works803

(Ibragimov and Xing, 2017; Wang et al., 2018) to reduce the burden during804

data preprocessing and add clinical workflow benefits.805

2) Application advantages. The advantages of adding automated localization806

or organ detection specifically into our framework has allowed for multi-807

organ regression segmentation to be possible in a single image. The combi-808

nation of object detection and delineation enables the network to map and809

produce multiple contours associated with each predicted class. However,810

the rough localization currently performed with the bounding box represen-811

tation could be replaced with the shape regression approach in future works.812

4.9. Limitations813

The main limitations of the proposed framework are: 1) small and complex814

organs still remain difficult to obtain precise detection and segmentation results.815

2) An average or mean organ shape is generated in samples belonging to the same816

class but possess various shapes. This occurs when there is an imbalance in sam-817

ples across the various shapes. 3) To obtain a satisfactory shape prior for a par-818

ticular class many training samples are required, especially when an organ shapes819

intra-class variability is high. 4) The segmentation results rely on the accuracy820

of the detection branch. False positives and false negatives will produce extra or821

missing segmentation results, respectively.822

5. Conclusion823

In this paper, we proposed a multiapplication framework for image segmenta-824

tion as a step towards standardizing segmentation practices. HMR-Net accurately825

and efficiently classified, located, and segmented all 19 organs in the eight repre-826

sentative task datasets from 222 subjects (53 head, 56 head and neck, 113 spine).827
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Our model demonstrated its capabilities as an effective framework by providing828

efficient and accurate predictions by achieving mAP and DSC scores reaching up829

to 0.81 and 0.93, respectively. HMR-Net successfully handles multi-plane, multi-830

modality, multi-structural, and multi-regional images with a single framework.831

Thus, our model holds great potential as an ancillary application for preliminary832

image processing and analysis. Future work aims to further develop HMR-Net’s833

architecture to: 1) improve multiclass object detection for images with large ob-834

ject scale variations, 2) extend to 3D image applications, and 3) incorporate an835

automated adaptive hyperparameter optimization pre-processing algorithm.836
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