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Abstract—Intracoronary imaging is a crucial imaging technol-
ogy in coronary disease diagnosis as it visualizes the internal
tissue morphologies of coronary arteries. Vessel border detection
in intracoronary images (VBDI) is desired because it can help
the succeeding procedures of computer-aided disease diagnosis.
However, existing VDBI methods suffer from the challenge of
vessel-environment variability (i.e. high intra- and inter-subject
diversity of vessels and their surrounding tissues appeared in
images). This challenge leads to the ineffectiveness in the vessel
region representation for hand-crafted features, in the receptive
field extraction for deeply-represented features, as well as perfor-
mance suppression derived from clinical data limitation. To solve
this challenge, we propose a novel privileged modality distillation
(PMD) framework for VBDI. PMD transforms the single-input-
single-task (SIST) learning problem in the single-mode VBDI
to a multiple-input-multiple-task (MIMT) problem by using the
privileged image modality to help the learning model in the target
modality. This learns the enriched high-level knowledge with
similar semantics and generalizes PMD on diversity-increased
low-level image features for improving the model adaptation to
diverse vessel environments. Moreover, PMD refines MIMT to
SIST by distilling the learned knowledge from multiple to one
modality. This eliminates the reliance on privileged modality in
the test phase, and thus enables the applicability to each of dif-
ferent intracoronary modalities. A structure-deformable neural
network is proposed as an elaborately-designed implementation
of PMD. It expands a conventional SIST network structure to the
MIMT structure, and then recovers it to the final SIST structure.
The PMD is validated on intravascular ultrasound imaging and
optical coherence tomography imaging. One modality is the
target, and the other one can be considered as the privileged
modality owing to their semantic relatedness. The experiments
show that our PMD is effective in VBDI (e.g. the Dice index is
larger than 0.95), as well as superior to six state-of-the-art VBDI
methods.

Index Terms—Vessel border detection, privileged information,
knowledge distillation, intravascular ultrasound, optical coher-
ence tomography.

I. INTRODUCTION

Vessel border detection from intracoronary images (VBDI)
is crucial in computer-aided diagnosis and treatment of coro-
nary disease. The intracoronary imaging is a crucial medical

Corresponding authors: Heye Zhang and Shuo Li.
Zhifan Gao, Jonathan Chung, Mohamed Abdelrazek, Stephanie Leung

and Shuo Li are with the Western University, London, Canada (e-mail:
zgao246@uwo.ca; Jonathan.Chung@londonhospitals.ca; Mohamed.Abdelra-
zek@lhsc.on.ca; Stephanie.Leung@lhsc.on.ca; slishuo@gmail.com).

William Kongto Hau is with the Chinese University of Hong Kong, China
(e-mail: william.hau@cuhk.edu.hk)

Zhanchao Xian is with the Department of Cardiology, Shenzhen Sun Yat-
sen Cardiovascular Hospital, China (e-mail: zacoet@sina.com)

Heye Zhang is with the School of Biomedical Engineering, Sun Yat-sen
University, Shenzhen, China (e-mail: zhangheye@mail.sysu.edu.cn)

imaging methodology in clinical practice to present the high-
resolution visualization of the coronary inner morphologies
by inserting a miniaturized imaging probe into coronary from
outside the body [1], [2]. It mainly includes two imaging
modalities, intravascular ultrasound (IVUS) and optical coher-
ence tomography (OCT) to show different aspects of coronary
disease, as shown in Figure 1. For instance, IVUS can assess
the coronary stenosis because its echo-based technique has
the high tissue penetration (5-10mm) [3]. OCT can evaluate
the plaque vulnerability because its light-based technique
produces the high imaging resolution (10-15µm) [4]. Extensive
clinical trials have validated that the intracoronary imaging is
superior to the conventional angiography imaging in diagnosis
accuracy and treatment performance. [5], [6] (e.g. reduce 2.5%
occurrence rate of the vessel revascularization [7], and reduce
11.3% incidence of 3-year postoperative mortality after receiv-
ing drug-eluting stents in the MAIN-COMPARE study [8]).
Nevertheless, the manual analysis of intracoronary images is
time-consuming and labor-intensive, and may suffer from the
insufficient training of clinicians [9], [10]. Thus, the computer-
aided intracoronary image analysis is desired. The VBDI plays
an important role in the computer-aided analysis because it can
help the succeeding analysis like the recognition of plaque
components, the computation of key clinical indicators, and
the evaluation of postoperative follow-up results [11], [12],
[13].

However, the VBDI task is still challenging owing to the
vessel-environment variability. This challenge is derived from
the phenomenon that the vessel and its surrounding tissues are
diverse in coronary artery images within and between subjects.
It causes that the vessel border stay in the varied image
environments, i.e. both the internal and external regions of the
vessel border have inconsistent image appearance in different
images. For example, Figure 1 shows that significant diversity
of vessel morphologies, gray distributions and image artifacts.
The variation of vessel environments (characterized by low-
level image features) disturbs the extraction of semantic image
regions (characterized by high-level image features). It largely
weakens and obscures the vessel borders in intracoronary
images.

The existing VBDI methods (either IVUS or OCT) based
on hand-crafted image features are difficult to address this
challenge [13], [14], [15], [16], [17], [18]. This is because the
hand-crafted features are usually rely on the experience-based
determination of what low-level image information are useful
[19], [20], [21], [22], [23]. These features cannot well adapt
the varied vessel environment, i.e. the effectiveness of the
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Fig. 1. Advantages of our framework (PMD) to tackle the single-mode vessel
border detection in intracoronary imaging (i.e. IVUS and OCT) with the
challenge of vessel-environment variability. This challenge is derived from
the diverse vessel morphologies, pixel gray distributions and image artifacts.
Our PMD addresses this challenge by two learning stages: privileged modality
learning and the modality distillation. SIST and MIMT denote single-input-
single-task and multiple-input-multiple-task network structures, respectively.

designed low-level feature may significantly decrease when the
vessel environment changes. For example, the removal of the
catheter artifact based on the fixed catheter size may fail when
the catheter changes [24]. In another example, the constraint
of convex border shapes based on the convex hull may lead to
detect the pseudo vessel border because the border convexity
is difficultly ensured due to the diverse vessel shapes [25].

Moreover, few VBDI methods based on deep-represented
image features have been reported in the literature, because
the traditional deep neural networks (DNN) are not suitable for
being directly applied in the VBDI task. This unsuitability re-
sults from three reasons. First, the existing DNN-based VBDI
methods cannot well adapt to the varied vessel environment
because the limited clinical data provide insufficient vessel
environment knowledge for DNN learning. Second, their net-
work architectures are ineffective to capture the receptive field
with diverse sizes, such as conventional convolutional network
[26] and auto-encoder [12]. These network architectures are
difficult to extract sufficient global contextual information of
coronary vessels with diverse dimensions. Finally, some of

DNN-based VBDI methods use the pixel intensity within
image patches as the training data (e.g. [12], [26]), and thus
cannot well preclude the influence of the image artifacts which
are larger than the image patch.

In this paper, we propose a brand-new privileged modal-
ity distillation framework (PMD) to detect vessel borders
in intracoronary imaging (valid either in IVUS or OCT
images). PMD is used to address the challenge of vessel-
environment variability. First, PMD proposes the privileged
modality learning to transform the conventional single-input-
single-task (SIST) learning problem in VBDI studies to a
multiple-input-multiple-task (MIMT) problem. The privileged
modality learning uses the knowledge from privileged imaging
modality in order to improve the adaptability of the learning
model to the varied vessel environment in the target modality.
Specifically, it uses the high-level features of IVUS images
to help the vessel border detection from OCT images, and
vice versa. This is motivated by the observation that the
different-modality coronary images have semantic relatedness,
because their semantic meanings correspond to the same type
of object, i.e. coronary vessel. By learning the knowledge
from privileged modality, it can enrich the feature diversity
within the training dataset. Thus, it is more suitable to address
the model overfitting problem due to the limitation of single-
mode images in clinical practice. Second, PMD proposes the
modality distillation to recover the MIMT learning problem
to the SIST problem. The modality distillation refines the
learned knowledge from multiple to one imaging modality
in order to eliminate the reliance on privileged modality in
the test phase. It thus enables that the optimized PMD can
be successfully applied in common clinical routine where
intraconary images just in single modality can be collected
from a patient, i.e. enable the single-mode applicability on
either OCT or IVUS. As a specially-designed instantiation of
PMD, a structure-deformable neural network is proposed. It
extends a SIST network structure to the MIMT structure in the
privileged modality learning, and then recovers it to the SIST
structure in the modality distillation. Moreover, this structure-
deformable neural network can effectively extract the semantic
information of size-varied vessel regions by a bidirectional
pyramidal structure, which is aware of the global contextual
and local detailed image information. By considering the entire
image as the network input, this pyramidal structure can avoid
the disturbance from large image artifacts when using the
image patches.

Our contributions can be summarized as follows:
1. Our framework proposes a novel strategy to enable the

multiple-input-multiple-task model by using the knowledge
from privileged modality to solve the single-task-single-task
learning problem in target modality. This strategy can im-
prove the adaptability of the learning model to the vessel-
environment variability, as well as address the model overfit-
ting problem owing to clinical data limitation.

2. Our framework proposes a structure-deformable neural
network as a suitable instantiation of the proposed learn-
ing strategy. Moreover, the elaborately-designed bidirectional
pyramidal structure in this network can effectively extracting
the semantic features of size-varied coronary vessels and
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preserving high-resolution image information of the vessel
border.

3. We enable a clinical tool to enable the vessel border
detection valid in each of the different intracoronary imaging
modalities, i.e. either IVUS (lumen and media-adventitia bor-
ders) or OCT (lumen border). This clinical tool can reduce the
burden on clinicians to analyze the medical data from various
imaging equipments in clinical routine.

II. METHODOLOGY

Our newly proposed PMD enables a structure-deformable
network architecture with a two-stage learning strategy: priv-
ileged modality learning and modality distillation, shown in
Figure 2.

In the privileged modality learning, PMD transforms a SIST
problem to a MIMT problem, i.e. use a MIMT network
architecture to solve the SIST problem. This transformation
is inspired by learning-using-privileged-information strategy
(LUPI) [27]. LUPI builds an extra knowledge source to
provide useful information (i.e. privileged information) to con-
duce the learning of the target network in the learning phase,
but applies the network without the privileged information in
the test phase [28]. To extend LUPI paradigm to the task of
VBDI, PMD considers the high-level image information in
one imaging modality as the privilege information to help
to learn the VBDI model for another imaging modality. In
particular, the high-level features of IVUS images contribute to
the vessel border detection in OCT images, and those of OCT
images help the vessel border detection in IVUS images. This
mutual help of two imaging modalities is motivated by their
semantic relatedness. This is because the coronary vessel is the
main semantics in both IVUS and OCT. Thus, the privileged
modality learning can train the network for vessel border
detection (IVUS or OCT detection) on the target modality
under the help from the privilege modality. It can improve the
generalization ability of PMD for improving its adaptability
to the vessel-environment variability.

In the modality distillation, PMD recovers the MIMT ar-
chitecture to the SIST architecture for transferring the knowl-
edge learned from multiple modalities to the refined network
for vessel border detection on single modality. Inspired by
knowledge distillation [29], this transformation can lead the
network trained on multi-modal data to be successfully applied
in common clinical practice where a patient often only receive
one imaging examination.

Finally, PMD proposes a bidirectional pyramidal network
structure in the above two stages to be aware the global
contextual and local detailed image information. It can enlarge
the size of receptive field while preserving the local image
details, and thus effectively extract the semantic information
of size-varied vessel regions.

A. Privileged modality learning for improving robustness of
coronary vessel features to vessel-environment variability

1) Formulation of the privileged modality learning: Privi-
leged modality learning aims to provide the knowledge from
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Fig. 2. Overview of our framework (PMD) with two training stages including
privileged modality learning and modality distillation. The privileged modality
learning enables a multiple-input-multiple-task network (MIMT) to solve the
single-input-single-task (SIST) problem. The model distillation refines the
MIMT network to the SIST network. Besides, the proposed bidirectional
pyramidal network structure (BPN) efficiently extracts high-level information
to perceive size-varied vessel regions. “DCFS” is the densely-connected
forward structure.

an auxiliary image modality to help the model learning in the
target image modality. It is defined by

given Xt, Y t, {Xpi, Y pi}, i = 1, 2, . . . , N

subject to Xt → Y t and Xpi → Y pi

have the related learnable knowledge

purpose learn {Xt, Xpi} Ω−→ {Y t, Y pi}

(1)

where Xt and Y t are the training examples and labels in the
target image modality, respectively. N is the number of privi-
leged image modalities. Xpi and Y pi are the training examples
and labels in the ith privileged modality, respectively. Ω is the
model parameter set to be learned.
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The constraint in Equation (1) show that the knowledge
to be learned by the models in the target modality and the
privileged modality must be related.

Thus, in contrast to the conventional learning strategies,
the privileged modality learning inherently transforms a SIST
learning problem Xt → Y t to a MIMT learning problem
{Xt, Xpi} → {Y t, Y pi}, shown as the solid arrow in Equa-
tion (2).

MIMT Ω∗ = arg min
Ω

L(g(Xt, Xpi; Ω), Y t, Y pi)

SIST Ψ∗ = arg min
Ψ

L(f(Xt; Ψ), Y t)

(2)

where L is the objective function, f and g are the SIST and
MIMT models, respectively. Ω is specified as the parameter set
of g with respect to Equation (1). Ψ is the parameter set of f .
For the MIMT learning problem, the corresponding outputs
include Xt, {Xpi}, i = 1, 2, ..., N , and the corresponding
outputs include the estimates of Y t, {Y pi}, i = 1, 2, ..., N .

2) Instantiation of the privileged modality learning in the
VBDI task: To apply the privileged modality learning in the
VBDI task, PMD considers the high-level image information
in one imaging modality as the privilege information to help to
learn the VBDI model for the other imaging modality. This is
because the low-level image features (e.g. pixel intensity, pixel
histogram, image contrast, etc.) are different in IVUS and OCT
images, while the high-level features are related between the
two modalities. This relatedness comes from that the main
semantics in both IVUS and OCT are the cross-sectional
coronary vessels. Moreover, different from OCT images, IVUS
images have two kinds of regions to be segmented, i.e.
lumen region and MA region. The two regions in the same
IVUS image also has the high-level relatedness, because the
geometry of MA border may influence the lumen border.
From the view of physiology, the morphology of MA border
have the impact on hemodynamics within coronary arteries
[30]. Then, the hemodynamics affects the plaque development,
which determines the shape and location of the lumen border
[31].

Accordingly, the MIMT model g of the privileged modality
learning in Equation (2) is reformulated for the VBDI task as:

Ω∗ = arg min
Ω

L(u(Z(1), Z(2);φ(1)), u(Z(2), Z(3);φ(2)),

Y (1), Y (2), Y (3))
(3)

where

Z(1) = v(X(1); θ(1)), Z(2) = v(X(2); θ(2))

Z(3) = v(X(2); θ(3)), Ω = {θ(1), θ(2), θ(3), φ(1), φ(2)}
(4)

In Equation (3) and (4), Ω is the set of model parameters.
X(1) and X(2) are input IVUS images and OCT images,
respectively. Y (1), Y (2), Y (3) are image labels of OCT lumen
regions, IVUS lumen regions and IVUS MA regions, respec-
tively. Z(1), Z(2) and Z(3) are high-level feature representation
of OCT lumen regions, IVUS lumen regions and IVUS MA
regions, respectively. u and v are the target models to be

learned, and have unshared model parameters (θ(1), θ(2) and
θ(3) for u; φ(1) and φ(2) for v) when applying to different
vessel regions.

Equation (3) and (4) indicate that high-level features of
IVUS lumen regions contribute to the border detection in
either OCT lumen regions or IVUS MA regions, and vice
versa. Thus, the VDBI model with the privileged modality
learning can adapt to the more generalized noise disturbance
(e.g. changes of pixel intensity, tissue contrast and artifact
morphologies) than that just learned from single-mode images.
This causes that PMD has increases robustness to the vessel-
environment variability.

B. Modality distillation for helping the single-mode VBDI
model to learn from multi-modal images

1) Formulation of the modality distillation: Modality dis-
tillation aims to transfer the knowledge learned from multiple
modalities to the single-mode learning model, shown in Figure
2(a). It is defined by

given Ω∗, Xt, Y t, {Xpi}, i = 1, 2, . . . , N

purpose learn Xt Ψ−→ Y t
(5)

where Xt and Y t are the training examples and labels in
the target image modality, respectively. N is the number of
privileged image modalities. Xpi are the training examples
in the ith privileged modality. Ω∗ is the optimized parameter
set of the MIMT model {Xt, Xpi} → {Y t, Y pi} shown in
Equation (2), which has been optimized by Equation (1). Ψ is
the parameter set of the SIST model Xt → Y t to be learned.

The modality distillation inherently refines a MIMT learning
problem to a SIST learning problem as the dashed arrow in
Equation (2).

2) Instantiation of the modality distillation in the VBDI
task: To apply the modality distillation in the VBDI task
shown in Figure 2(b), PMD reformulates the SIST model in
Equation (2) as:

Ψ∗ = arg min
Ψ

L(f(Xt; Ψ), Y ts) + L(f(Xt; Ψ), Y t) (6)

where f is the refined SIST model. f equals to v in Equation
(4) in the VBDI task. Y ts is an additional label (i.e. the soft
label in [29]) for training f . Y ts is an output of the MIMT
model g corresponding to the input Xt in the target image
modality according to Equation (7):

Y ts ← g(Xt, Xp1, Xp2; Ω∗) (7)

where Xp1 and Xp2 are the inputs in the privileged image
modalities. The left arrow represents that Y ts is one of the
outputs of g. For example, Xt is IVUS images for lumen
detection, Xp1 is OCT images, and Xp2 is IVUS images for
MA detection.

C. Model Implementation

A specially-designed neural network is proposed to imple-
ment PMD mainly including two parts: bidirectional pyramidal
network structure and convolutional auto-encoder. It is shown
in Figure 2(c).
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1) Bidirectional pyramidal network structure for effectively
extracting the semantic information of size-varied vessel re-
gions and preserving vessel borders: The commonly-used
forward neural networks are unsuitable to extract the semantic
feature for size-varied vessel regions in OCT and IVUS
images, because the high-level feature maps they produce
have fixed-size receptive fields. Thus, these feature maps are
ineffective to represent the information of the vessel regions
whose area is significantly different with the fixed-size recep-
tive field. In addition, the extracted information correspond
to a decreasing resolution of input images when the level of
feature maps becomes deeper. The loss of the low-resolution
image information may decrease the accuracy in the detection
of lumen and MA borders.

To adapt to the size-varied receptive field and preserve the
image resolution, PMD proposes a bidirectional pyramidal net-
work structure to implement the SIST model f in Equation (2).
In the forward direction, K1 forward modules are cascaded.
Each module contains a densely-connected structure with K2

layers using dilated convolution kernel. The dilated convolu-
tion kernel can increase the gap between the sampling points
for convolution in the spatial domain and is thus able to enlarge
the receptive field. The densely-connected forward structure
is capable to reduce the detailed information loss of vessel
borders by merging the low-level high-resolution features to
high-level low-resolution features. The combination of the two
characteristics causes the output of each module contains the
information about the different-size receptive fields because
they are perceived by different network layers. In the backward
direction, the outputs of all forward modules are concatenated
from high level to low level for generating four feature maps.
After convolution, each feature map are considered the output
of the bidirectional pyramidal network, and then receive the
supervision information from labels during network training
(i.e. auxiliary supervison).

2) Convolutional auto-encoder for learning the privileged
modality: The segmentation of three vessel regions have relat-
edness in the contextual level: 1) For lumen segmentation in
OCT and IVUS images, their high-level feature representation
aim to extract the same semantic meaning (i.e. lumen region
in coronary arteries); 2) For lumen and MA segmentation in
IVUS images, their high-level feature representation focus on
perceiving the related semantic meanings (i.e. lumen region
and MA region in the same coronary cross-sectional image); 3)
The lumen segmentation in IVUS images connects two other
segmentation tasks, and mutually transfers the knowledge they
learn.

Accordingly, PMD applies a convolutional auto-encoder
(CAE) to fuse high-level image features for OCT and IVUS
lumen segmentation. This considers that OCT is the target
modality and IVUS is the privileged modality, and vice versa.
In addition, PMD uses another CAE to fuse high-level image
features for IVUS lumen and MA segmentation. The two
CAEs have the same network structure u but with unshared
parameters φ1 and φ2 as Equation (3). Thus, the difference
of the three vessel environment can be viewed as the regu-
larization to each segmentation task for enhancing the ability
of the model generalization [32]. This causes that PMD can

learn the related but diverse high-level contextual information
in order to improve the segmentation performance.

3) Loss functions for enriching the types of error for net-
work optimization: The PMD specially designs a loss function
to measure the difference between vessel regions obtained
by PMD and the ground truth from three aspects: 1) The
difference of pixel distribution of the PMD results and the
ground-truth results measured by the weighted cross-entropy
l1 [33]. 2) The pixel-wise intensity difference measured by
the advanced mean absolute errors l2 =

∑M1

i=1

∑M2

j=1 ln(1 +
exp(|P (i, j) − G(i, j)|)), where P (i, j) and G(i, j) are the
pixel intensity of the PMD results P and the ground-truth
results G at (i, j), M1 × M2 is the image size. 3) The
overlapping degree between segmented vessel regions and
ground-truth vessel regions by the generalized Dice index l3
[34]. The proposed loss function is the summation of the above
three terms, i.e. L = l1 + l2 + l3.

4) Implementation details: For the bidirectional pyramidal
network structure, the number of blocks K1 is 5, and the
number of dilated convolution layers K2 in each block is
4. The values of the dilated rate in the blocks are 2, 2,
4, 8 from low-level to high-level. A pooling layer is added
between every two nearby blocks. Training and testing phases
are both implemented by TensorFlow on a NVIDIA Titan V
GPU. In the training phase, the optimization algorithm uses the
stochastic gradient descent with momentum 0.9. The weight
decay is 1× 10−3. The number of epochs is 20. The learning
rate changes from 1 × 10−3 at the initial time, to 1 × 10−4

after the 10th epoch, and to 1 × 10−5 after the 15th epoch.
Finally, The pseudo code of PMD is shown in Algorithm 1.

III. EXPERIMENTS AND RESULTS

A. Data collection

Our PMD is tested on a dataset including 2018 IVUS images
and 2018 OCT images. All IVUS data were collected by a car-
diologist. The collection equipments includes a commercially
available machine (In-Vision Gold, Volcano), an automatic
pullback device (R-100, Volcano, USA) with pullback speed
of 0.5mm/s. as well as a 20-MHz solid-state IVUS catheter
(EagleEye Volcano). All OCT data were collected by the OCT
Illumien Optis, with catheter (dragonfly duo) at a pullback
speed of 36mm/s. Two cardiologists collected IVUS and OCT
data, respectively. Another medical physician performs the
ground truth of segmentation results for all IVUS and OCT
data. The number of images keeps consistent in different
subjects. Each patient has multiple images both in IVUS and
OCT modalities. The IVUS and OCT images are resized into
the same size after data collection.

B. Evaluation indices and methods

Five evaluation methods are applied to validate the effec-
tiveness of PMD from different aspects.

First, the Bland-Altman (BA) analysis is applied to as-
sess the agreement between PMD and the manual drawing
method [35]. Totally five clinical indices are used for the
agreement assessment, including lumen cross-sectional area
(LCSA), vessel cross-sectional area (VCSA), i.e. the area
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Algorithm 1: Training process of our PMD
Input: OCT images x1 and lumen labels y1.
IVUS images x2, lumen labels y2, and MA labels y3.
Number of epochs M1 and image batches M2.
Output: Model parameters Ψ∗ = {ψ∗

1 , ψ
∗
2 , ψ

∗
3} of

three single-mode VBDI model:
• ψ∗

1 for OCT lumen segmentation
• ψ∗

2 for IVUS lumen segmentation
• ψ∗

3 for IVUS MA segmentation
1 begin Privileged Modality Learning
2 1) Initialize MIMT model parameters Ω by

{θ(0)
1 , θ

(0)
2 , θ

(0)
3 , φ

(0)
1 , φ

(0)
2 } and t = 1;

3 for j = 1 to M1 do
4 for i = 1 to M2 do
5 begin Forward Propagation
6 2) Get the outputs z(i)

1 , z(i)
2 , z(i)

3 of
BPN in Equ. (4);

7 3) Get the outputs ŷ(i)
1 , ŷ(i)

2 , ŷ(i)
3 of

CAE in Equ. (3);
8 4) Get the loss function L in Equ. (3)

and Section II-C3;
9 end

10 begin Backward Propagation
11 5) Update φ(t)

1 , φ(t)
2 , θ(t)

1 , θ(t)
2 , θ(t)

3 ;
12 end
13 t = t+ 1;
14 end
15 end
16 6) Get the optimized parameters

Ω∗ = {θ(t)
1 , θ

(t)
2 , θ

(t)
3 , φ

(t)
1 , φ

(t)
2 };

17 end
18 begin Modality Distillation
19 1) Initialize SIST model parameters

Ψ = {ψ(0)
1 , ψ

(0)
2 , ψ

(0)
3 } by {θ∗1 , θ∗2 , θ∗3} and t = 1;

20 2) Compute the soft labels ỹ as the outputs of the
MIMT model using the optimized parameters Ω∗

in Equ. (7);
21 for j = 1 to M1 do
22 for i = 1 to M2 do
23 begin Forward Propagation
24 3) Get the outputs ŷ(i)

1 , ŷ(i)
2 , ŷ(i)

3 of
BPN in Equ. (6);

25 4) Get the loss function L of BPN in
Equ. (6) and Section II-C3;

26 end
27 begin Backward Propagation
28 5) Update ψ(t)

1 , ψ(t)
2 , ψ(t)

3 ;
29 end
30 t = t + 1;
31 end
32 end
33 6) Get optimized parameters

Ψ∗ = {ψ∗
1 , ψ

∗
2 , ψ

∗
3} = {ψ(t)

1 , ψ
(t)
2 , ψ

(t)
3 } ;

34 end

TABLE I
BETTER PERFORMANCE IN BOTH OCT IMAGES AND IVUS IMAGES OF

OUR PMD THAN SIX STATE-OF-THE-ART VBDI METHODS UNDER FOUR
EVALUATION INDICES (JACCARD INDEX, DICE INDEX, HAUSDORFF

DISTANCE (HD), AND RMSE) DEFINED IN SECTION III-B.

Method Task Jaccard Dice HD RMSE

Kermani et al. [25] IVUS lumen 0.65 0.81 0.66±0.25 0.32±0.13
IVUS MA 0.78 0.87 0.73±0.44 0.22±0.09

Lee et al. [36] IVUS lumen 0.84 0.90 0.34±0.05 0.15±0.03
IVUS MA 0.86 0.91 0.40±0.18 0.16±0.01

Su et al. [12] IVUS lumen 0.76 0.85 0.86±0.37 0.22±0.02
IVUS MA 0.77 0.82 0.76±0.29 0.21±0.02

Amrute et al. [37] OCT lumen 0.51 0.57 1.31±1.00 0.52±0.63
Pociask et al. [24] OCT lumen 0.88 0.92 0.53±0.54 0.13±0.25

Cao et al. [38] OCT lumen 0.71 0.82 2.36±0.61 0.41±0.37

Our framework
(PMD)

IVUS lumen 0.92 0.95 0.22±0.15 0.08±0.06
IVUS MA 0.92 0.96 0.29±0.22 0.11±0.05

OCT lumen 0.95 0.97 0.16±0.20 0.05±0.05

within MA region), lumen mean diameter (LMD), vessel mean
diameter (VMD), and plaque burden (PB). The PB is defined
as (VCSA−LCSA)/VCSA. All clinical indices are suggested
by the IVUS consensus statement from American College of
Cardiology [1].

Second, four accuracy indices are are adopted: Jaccard
index, Dice index, Hausdorff distance (HD) and root mean
square error (RMSE). The Jaccard index and the Dice index
are adopted to show the overlapping degree of the vessel
regions (i.e. OCT lumen, IVUS lumen and IVUS MA) seg-
mented by PMD and the manual drawing method. The HD
and the RMSE are utilized to indicate the spatial error of the
segmented vessel borders with respect to the ground truth.

Then, the random pairing and the 10-fold cross-validation
are applied to validate the PMD in different training and test
datasets. In the privileged modality learning, the network input
must be a pair of images, including an OCT image and an
IVUS image. The random pairing randomly selects an image
from the OCT training dataset and the other image from IVUS
training dataset, and combine them into a input pair. Randomly
selecting this paired training datasets are performed ten times
in total.

In the next, the ablation study is used to assess how the
change of the main components of PMD affect its performance
[39]. It considers the number of blocks, number of layers in
a block, dilated convolution and auxiliary supervision in the
privileged modality learning (Section II-C1), as well as the
loss function terms (Section II-C3) and the commonly-used
SIST training procedure.

Finally, in order to assess the influence from sexes and
ages of subjects on PMD, the linear mixed-effects model
(LMM) is applied [40]. It models the relationship between the
dependent variable and a group of explanatory variables with a
hierarchical structure, specifically with a two-level structure in
our study. In the first level, the explanatory variable includes
the multiple measurement of one of seven clinical indices
(denoted by X ). In the second level, the explanatory variables
include age with three groups: 40∼49 (A1), 50∼59 (A2),
and 60∼69 (A3) years old, as well as sex with two groups:
female (S1) and female (S2). The dependent variable is the
manual drawing results of the clinical index (denoted by Y)
corresponding to the explanatory variable in the first level.
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(a) OCT: LCSA (b) OCT: LMD (c) IVUS: LCSA

(d) IVUS: VCSA (e) IVUS: LMD (f) IVUS: VMD

(g) IVUS: PB

x-axis: 1
2 (Our + GT)

y-axis: Our−GT

bias:

CI:

Fig. 3. High agreement between our PMD (“Our”) and the ground truth
(“GT”) assessed by the Bland-Altman analysis method with respect to seven
clinicial indices. The y-axis represents the bias between the values of this
clinical index measured by PMD and the manual drawing method. The x-
axis represents the average values of the two methods. The green solid lines
indicate the mean bias. The brown dashed lines indicate the 95% confidence
intervals of the bias.

This linear mixed-effects model is defined by

Y = β0 + β1X + β2Age+ β3Sex+ u0 + u11X ∗A1

+ u12X ∗A2 + u13X ∗A3 + u21X ∗ S1 + u22X ∗ S2

(8)

where all β and u are parameters of this LMM. β0 ∼ β4 are
the fixed effect for the intercept, X , Sex and Age, respectively.
X ∗A1, X ∗A2, X ∗A3, X ∗S1, and X ∗S2 indicate the across-
level interactions. u0 is the overall random effects for the
intercept. u11 ∼ u13 are the random effects for the interaction
between X and age groups. u21 and u22 are the random effects
for the interaction between X and sex groups. The significance
level for all parameters is 0.05.

C. Effectiveness of PMD with respect to ground truth

1) High overlapping degree with the ground-truth vessel
regions: Table I shows that the high performance of PMD in
vessel region segmentation. The values of the Jaccard index
for the OCT lumen, the IVUS lumen and the IVUS MA are
0.92, 0.92, 0.95, respectively. The values of the Dice index
for three vessel regions are 0.95, 0.96 and 0.97. These results
indicate that the vessel regions segmented by PMB is highly
overlapped with those in the ground truth.

2) Low spatial error with the ground-truth vessel borders:
Table I shows that the high performance of PMD in vessel bor-
der location. The values of HD for the OCT lumen, the IVUS
lumen and the IVUS MA are 0.22±0.15mm, 0.29±0.22mm,
0.16±0.20mm, respectively. The values of RMSE for
three vessel regions are 0.08±0.06mm, 0.11±0.09mm and

(a) Vessel bifurcation

(b) White thrombus

(c) Red thrombus

(d) Complex thrombus

raw GT Amrute Cao Pociask Our
(e) Calcification and bifurcation

(f) Large calcification and surrounding tissues

(g) Stents

(h) Different contrast with above images

raw GT Kermani Su Lee Our

Fig. 4. Better performance of our PMD (“Our”) than the comparative methods
shown in the representative vessel environments. OCT vessel environments
include (a) vessel bifurcation, (b) white thrombus, (c) red thrombus, and (d)
complex thrombus. IVUS vessel environments include (e) calcification and
bifurcation, (f) large calcified plaque and surrounding tissues, (g) stents, and
(h) different image contrast with three other IVUS images. “GT” is the ground
truth.

0.05±0.05mm. These results indicate that the vessel regions
detected by PMB has small spatial error with those in the
ground truth.

3) High agreement with the manual drawing method:
Figure 3 illustrates that PMD is highly agreed with the
manual drawing method performed by experienced experts.
Each subplots shows the results of Bland-Altman analysis for
a clinical index. The y-axis represents the bias between the
values of this clinical index measured by PMD and the manual
drawing method. The x-axis represents the average values of
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the two methods. The green solid lines indicate the mean bias.
The brown dashed lines indicate the 95% confidence intervals
of the bias. The results show that the average bias are not
greater than 1.4180mm2 for LCSA and VCSA, 0.1735mm for
LMD and VMD, and equals to -0.0047 for PB. Moreover, the
percentages of the results points within the confidence interval
are larger than 95.51% for all clinical indices. These results
indicate the small bias of PMD with the manual drawing
method.

D. Better performance than the state-of-the-art methods

The effectiveness of PMD has been further validated by
comparing with six state-of-the-art VBDI methods [12], [24],
[25], [36], [37], [38].

1) Higher performance in OCT data: Table I displays
the outperformance of PMD to the state-of-the-art methods
in OCT images. The increase of Jaccard index (>0.07) and
Dice index (>0.05) show that PMD improves the overlapping
degree of the segmented lumen regions with ground truth.
Then, the decrease of HD (>0.37mm) and RMSE (>0.08mm)
indicate that PMD reduces the spatial errors of lumen borders
with ground truth. These results show that PMD performs
better than the comparative methods.

2) Higher performance in IVUS data: Table I also displays
the superiority of PMD to the state-of-the-art methods in
IVUS images. The increase of Jaccard index (>0.08 for
lumen regions; >0.06 for MA regions) and Dice index (>0.05
for lumen regions; >0.05 for MA regions) show that PMD
improves the overlapping degrees of the segmented lumen
regions and MA regions with ground truth. Then, the decrease
of HD (>0.12mm for lumen regions; >0.11mm for MA
regions) and RMSE (>0.07mm for lumen regions; >0.05mm
for MA regions) show that PMD reduces the spatial errors of
lumen borders with ground truth. These results indicate that
PMD has achieved better performance than the comparative
methods.

3) Better visualization results in representative images:
Figure 4 shows the better segmentation performance of our
PMB than the other comparative methods by displaying the
representative vessel environments. For IVUS images, the
environment examples include vessel bifurcation, white throm-
bus, red thrombus, and complex thrombus. For OCT images,
the environment examples include calcification and bifurca-
tion, large calcified plaque and surrounding tissues, stents,
and different image contrast with three other OCT images.
The results indicate that PMD can extract the vessel regions
closer to the ground truth than the comparative methods in
these environments.

E. Effectiveness of the model configuration in PMD

Figure 5 displays the results of the ablation study. Firstly,
the results show that the current model configurations of the
proposed neural network architecture are effectual, including
the number of blocks and the number of layers in a block in the
bidirectional pyramidal structure, the dilated convolution, and
the loss function. Moreover, auxiliary supervision is removed
(i.e. just preserve the label supervision and the output of the

0.8 0.9 1 0.8 0.9 1 0.1 0.25 0.5 0 0.11 0.22

0.8 0.88 0.96 0.8 0.9 1 0.2 0.26 0.32 0.04 0.10 0.16

0.8 0.88 0.96 0.8 0.9 1 0.26 0.31 0.36 0.08 0.13 0.18

Jaccard Dice Hausdorff RMSE

OCT
lumen

IVUS
lumen

IVUS
MA

Our current
configuration

SIST
training

no auxiliary
supervision

only loss
term l1

only loss
term l2

only loss
term l3

Num of
blocks = 4

Num of
blocks = 3

Num of
blocks = 2

no dilated
convolution

Num of block
layers = 3

Num of block
layers = 5

Fig. 5. Effectiveness of our PMD’s configuration validated by the ablation
study. The different model configurations are compared, including commonly-
used SIST learning scheme (red ), not using auxiliary supervision
(orange ), only using loss term l1 (cyan ), l2 (magenta ) and
l3 (tan ) in Section II-C3, number of blocks (=4: violet ; =3:
gold ; =2: seagreen ), not using dilated convolution (medium violet
red ), number of layers in a block (=3: green ; =4: brown ).
The better results show the effectiveness of the current configurations of PMD
(shown in blue ).

entire network). The results indicate that Jaccard index and
Dice index decrease, while HD and RMSE increase in all
segmentation tasks for OCT lumen, IVUS lumen and IVUS
MA. Finally, the privileged modality learning and the modal-
ity distillation are replaced by the traditional SIST training
scheme. It means that the model for OCT lumen segmentation
is only trained on OCT image, and the model for either
IVUS lumen or MA segmentation is only trained on IVUS
images. The results present that the traditional SIST learning
scheme largely decreases the Jaccard index (>0.04) and Dice
index (>0.05), and largely increases HD (>0.22mm) and
RMSE (>0.08mm). This can indicate the better performance
of PMD than the SIST learning scheme. Accordingly, the
above results can demonstrate the effectiveness of the PMD
learning strategy, the auxiliary supervision, as well as the
current network configuration.

F. Robust to random data pairing and cross validation

Figure 6 shows the effectiveness of PMD under random data
pairing and cross-validation. In the horizontal axis from C1 to
C10, the training and test datasets are divided based on 10-
fold cross-validation. In the horizontal axis from R1 to R10,
all images in the IVUS dataset and OCT dataset are separately
and randomly rearranged, and then produce the paired input
images for the neural network. The vertical axis indicates the
values of the accuracy indices under different cross validation
and random data pairing.

For the cross validation, the average results of OCT lumen
are 0.9197∼0.9627 for Jaccard index, 0.9537∼0.9789 for Dice
index, 0.1270∼0.2940mm for HD, and 0.0430∼0.0870mm
for RMSE. The average results of IVUS lumen are
0.8898∼0.9386 for Jaccard index, 0.9404∼0.9680 for Dice
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Fig. 6. Robustness of our PMD to random data pairing and cross validation. The horizontal axis with C1∼C10 represents the 10-fold cross validation.
The horizontal axis with R1∼R10 represents ten times of random data pairing. In each random data pairing, all images in the IVUS and OCT datasets are
separately and randomly rearranged, and then produce the paired input images for PMD. The vertical axis represents the performance of our PMD under
different cross validation and random data pairing. The different colors indicate the values of the accuracy indices, including Jaccard index (a)∼(c), Dice
index (d)∼(f), Hausdorff distance (g)∼(i), and RMSE (j)∼(l).

index, 0.1080∼0.1830mm for HD, and 0.0420∼0.0660mm
for RMSE. The average results of IVUS MA are
0.8971∼0.9396 for Jaccard index, 0.9442∼0.9687 for Dice
index, 0.1210∼0.2320mm for HD, and 0.0500∼0.0920mm for
RMSE.

For the random data pairing, the average results
of OCT lumen are 0.9465∼0.9548 for Jaccard index,
0.9700∼0.9746 for Dice index, 0.1520∼0.1810mm for
HD, and 0.0480∼0.0580mm for RMSE. The average re-
sults of IVUS lumen are 0.9012∼0.9420 for Jaccard in-
dex, 0.9468∼0.9695 for Dice index, 0.1170∼0.1680mm for
HD, and 0.0340∼0.0670mm for RMSE. The average re-
sults of IVUS MA are 0.9103∼0.9302 for Jaccard index,
0.9523∼0.9630 for Dice index, 0.1760∼0.2030mm for HD,
and 0.0660∼0.0850mm for RMSE.

These results indicate the robustness of PMD to the change
of training datasets caused by the random data pairing and
cross validation.

G. Robustness to the difference in subjects
Table III shows that PMD is little influenced by sexes and

ages of subjects. In terms of the fixed effects in Equation (8),
the estimate of β2 and β3 have no statistical significance for

TABLE II
LITTLE INFLUENCE ON THE PERFORMANCE OF OUR PMD FROM THE DIFFERENCE

OF SUBJECTS EVALUATED BY THE LINEAR MIXED-EFFECTS MODEL DEFINED IN
EQUATION (8). THE NULL HYPOTHESIS IN HYPOTHESIS TESTS IS THAT THE

PARAMETERS OF LMM EQUAL TO ZERO (SIGNIFICANT LEVEL: 0.05).

OCT (p-values) IVUS (p-values)
LCSA LMD LCSA VCSA LMD VMD PB

β0 <0.001(1) <0.001(2) 0.440 0.331 <0.001(3) 0.002(4) <0.001(5)

β1 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
β2 0.494 0.849 0.569 0.951 0.197 0.177 0.112
β3 0.788 0.220 0.501 0.072 0.657 0.116 0.121
u0 0.998 0.997 0.993 0.994 0.998 0.991 0.996
u11 0.333 0.842 0.192 0.221 0.451 0.451 0.080
u12 0.611 0.967 0.105 0.868 0.915 0.406 0.221
u13 0.653 0.810 0.740 0.165 0.393 0.113 0.610
u21 0.315 0.517 0.320 0.247 0.603 0.524 0.332
u22 0.315 0.517 0.320 0.247 0.603 0.524 0.332
(1) estimate: -0.088; confidence interval: (-0.067,-0.109)
(2) estimate: -0.062; confidence interval: (-0.058,-0.066)
(3) estimate: -0.038; confidence interval: (-0.001,-0.067)
(4) estimate: -0.056; confidence interval: (-0.071,-0.041)
(5) estimate: 0.047; confidence interval: (0.040,0.055)

all clinical indices (i.e. p-value>0.05). This shows that the
sexes and ages of subjects provide little fixed effect on the
proposed LMM. Moreover, all random effects are statistically
insignificant. This indicates that the sexes and ages of subjects
also provide little random effect on the proposed LMM. In
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addition, the influence from the intercept can be neglected
because the estimate of β0 are close to zero with narrow
confidence intervals, although most of them are statistically
significant. These results can demonstrate that PMD is robust
to the difference of subjects with respect to both OCT and
IVUS images

IV. CONCLUSION

In this study, we propose a brand-new learning framework
PMD as a clinical tool to firstly enable the VBDI in each of the
different intracoronary imaging modalities. The PMD enables
the solution of a common SIST learning problem by a MIMT
strategy for improving the adaptability to vessel-environment
variability. Then, it refines the MIMT model to the SIST model
for enabling the applicability on images in single modality,
such as OCT or IVUS. The PMD is instantiated by a specially-
designed structure-deformable neural network, which enriches
the limited knowledge for network learning due to the scarcity
of clinical data, as well as perceive the size-varied vessel
regions by a novel bidirectional pyramidal network structure.
The extensive experimental results can demonstrate the effec-
tiveness of our PMD framework in intracoronary images.
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