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Abstract— Identifying vulnerable plaque is important in
coronary heart disease diagnosis. Recent emerged imag-
ing modality, Intravascular Optical Coherence Tomography
(IVOCT), has been proved to be able to characterize the
appearance of vulnerable plaques. Comparing with the manual
method, automated fibroatheroma identification would be more
efficient and objective. Deep convolutional neural networks have
been adopted in many medical image analysis tasks. In this pa-
per, we introduce deep features to resolve fibroatheroma identi-
fication problem. Deep features which extracted using four deep
convolutional neural networks, AlexNet, GoogLeNet, VGG-16
and VGG-19, are studied. And a dataset of 360 IVOCT images
from 18 pullbacks are constructed to evaluate these features.
Within these 360 images, 180 images are normal IVOCT images
and the rest 180 images are IVOCT images with fibroatheroma.
Here, one pullback belongs to one patient; leave-one-patient-out
cross-validation is employed for evaluation. Data augmentation
is applied on training set for each classification scheme. Linear
support vector machine is conducted to classify the normal
IVOCT image and IVOCT image with fibroatheroma. The
experimental results show that deep features could achieve
relatively high accuracy in fibroatheroma identification.

I. INTRODUCTION

Identification of vulnerable plaques, such as
fibroatheroma, especially the thin-cap fibroatheroma
(TCFA), is crucial in coronary artery disease diagnosis.
Recent emerged intravascular optical coherence tomography
(IVOCT) [1] [2] has been proved to be able to detect
and quantify specific lesion content [3]. Comparing with
the widely used intravascular ultrasound (IVUS), IVOCT
could provide a better resolution of 15 µm, therefore
would become a promising intravascular diagnostic tool.
Since manual reading, which is the most widely used
plaque characterization method currently, is subjective and
time-consuming, automated and objective plaque study
method would be highly useful.

Fig. 1 shows some example IVOCT images. Here, (a)
is normal IVOCT image, and (b) is IVOCT image with
fibroatheroma. As shown in Fig. 1(b), fibroatheroma plaque
always appears as a region with poorly delineated borders
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Fig. 1. (a) Normal IVOCT images. (b) IVOCT images with fibroatheroma.

and a cap. In this work, we study deep features in identifying
IVOCT images with fibroatheroma.

Many automated IVOCT image analysis methods have
been proposed recently [4], [5], [6], [7], [8]. Xu et al. [4]
proposed an automated fibroatheroma identification method
by utilizing classic texture features and distance feature.
Other related studies are mainly focus on optical atten-
uation properties or texture features studies. Deep learn-
ing [9] has been employed in many research areas recently.
Deep convolutional neural networks [10], [11], [12], [13],
which trained using a very large number of images, have
provided promising results in image classification. In this
work, we employ deep features which extracted using deep
convolutional neural networks to identify the presence of
fibroatheroma. To the best of our knowledge, this is the
first work which applies deep features to fibroatheroma
identification problem.

The rest of this paper is organized as follows. Section II
introduces preprocess and feature extraction scheme. Dataset
construction, classification results and discussions are shown
in Section III. Finally, we draw a conclusion in Section IV.

II. METHODOLOGY

This part introduces the technical details of preprocess and
feature extraction. The proposed method includes a training
scheme to train linear SVM model using deep features and an
identification scheme to classify whether the given IVOCT
image is normal or with fibroatheroma. Fig. 2 shows the
pipeline of the training process. The training sample size
will be increased by flipping and rotating in the prepocess.
After that, deep features will be extracted using four widely
used deep convolutional neural networks, which are AlexNet,
VGG-16, VGG-19, and GoogLeNet. Finally, we train a linear
SVM model for fibroatheroma identification.



Fig. 2. Pipeline of the training process. First, preprocess is applied to increase sample size. After that, deep features are extracted and trained using SVM.
Four deep features, AlexNet, VGG-16, VGG-19, and GoogLeNet, are studied.

A. Preprocess

Due to the limited sample size, we perform data augmen-
tation on the training set to expand the data size. There
are many ways to do data augmentation, such as flips,
rotation, crops, etc. Considering that flipping and rotation
will not change the texture and plaque properties of the
IVOCT images, we follow the data augmentation process
in other deep learning works and augment the training data
by employing horizontal reflection and rotation.

1) Horizontal reflection is to flip the given IVOCT image
in horizontal direction.

2) Rotation: In this work, we rotate the images by 45,
90, 135, 180, 225, 270, and 315 degrees to get seven
rotated images. Fig. 3 shows rotation examples. Given
the original image (a), after rotation, we will get (b)-
(h). We rotate both the original images and flipped
images, therefore the training set will be expanded by
16 times after preprocessing.

Fig. 3. Rotate image to increase training sample size. (a) is the original
image, (b)-(h) are images after rotation.

B. Feature Extraction

Deep convolutional neural networks (ConvNets) have been
proved to be effective in image classification [9], [11], [14],
[15]. In this work, we extract deep features using four
ConvNets , which are Alex [11], VGG-16, VGG-19 [15], and
GoogLeNet [14]. These deep convolutional neural networks

have shown promising performance in medical imaging
analysis. They are trained on ImageNet [12] dataset, which
includes a very large number of images and 1000 classes.
ConvNets usually includes several convolutional and fully
connected layers. In this work, we only use the convolutional
layers for feature extraction.

C. Identification

In the identification scheme, we first extract deep features
of the input IVOCT image, and then apply the extracted
features to trained models to classify whether the input image
is normal IVOCT image or with fibroatheroma. Considering
the efficiency of the identification scheme, we train Linear
Support Vector Machine (SVM) [16] models for the training
set. LIBLINEAR package [17] is adopted in this work.

1) Leave-one-patient-out cross-validation: As shown in
Fig. 4, IVOCT images within one pullback may share some
similarities in intensity, lumen location, etc. Therefore, the
images within one pullback should all use as training data or
testing data. In order to meet this requirement, we employ
leave-one-patient-out cross-validation to evaluate the deep
features. Leave-one-patient-out cross-validation is to use
images from one patient as testing samples, and the rest
images as training samples. This scheme will be repeated
N times until all images are tested. Here N is the number
of patients. In our experiment, each pullback belongs to
one patient. Since we have 18 pullbacks, the classification
scheme will be repeated 18 times.

III. RESULTS AND DISCUSSIONS

A. Dataset

The data set of this work is built from 18 pullbacks. We
select 20 images from each pullback, thus there are totally
360 IVOCT images in the dataset. Within these 360 IVOCT
images, 180 images are normal IVOCT images, and the rest
180 images are IVOCT images with fibroatheroma. In this
experiment, pullbacks are collected from different patients.
All images are resized to 256 × 256 for preprocessing. We
apply horizontal reflection and rotation on the training set,
thus for each classification scheme in leave-one-patient-out
cross-validation, there are totally 5440 IVOCT images in
the training set and 20 IVOCT images in the testing set.
Fig. 5 shows example images in our data set. Here, (a)
and (b) are Normal IVOCT images, (c) and (d) are IVOCT
images with fibroatheroma. The pullbacks were collected



Fig. 4. IVOCT images from pullback (a) and pullback (b).

Fig. 5. Example images in our dataset. (a) and (b) are normal IVOCT
images. (c) and (d) are IVOCT images with fibroatheroma.

using TERUMO optical frequency domain imaging (OFDI)
machine by cardiologists. All images were labeled by trained
experts. The feature dimension for AlexNet, VGG-16, and
VGG-19 are 4096, and for GoogLeNet is 1000.

B. Results and Discussions

In order to evaluate the deep features, we compute sensitiv-
ity, specificity and mean accuracy after classification. Here,
sensitivity P+ indicates the proportion of correctly classified
positive samples, and specificity P− indicates the proportion
of correctly classified negative samples. In this work, the
positive samples are IVOCT images with fibroatheroma, and
the negative samples are normal IVOCT images. Tab. I shows
the classification results. In this table, ’Original’ denotes
using the original data for training; ’Rotate+flip’ denotes
using the augmented data for training. We also compare deep
features with intensity features. We resize the images to 64 ×
64, and use the intensity values as intensity features directly.

Principal Component Analysis (PCA) is applied to reduce
the dimensionality of the intensity features, and more than
90% information will be held. Here, we reduce the feature
dimension to 24 when using original data for training, and
reduce the feature dimension to 128 when using augmented
data for training.

As can be seen from Tab. I, the deep features outper-
forms intensity features significantly. Also, the classification
accuracy increases largely by augmenting the data. The
classification results for these four deep features are similar.

Fig. 6 shows classification results on VGG-19. Here, (a)
and (b) are correctly classified normal IVOCT images. (c)
and (d) are correctly classified images IVOCT image with
fibroatheroma. (e) and (f) are incorrectly classified normal
IVOCT images, (g) and (h) are incorrectly classified IVOCT
image with fibroatheroma. As can be seen from Fig. 6, the
incorrectly classified IVOCT images do not have very clear
fibroatheroma, thus would be incorrectly classified easily.

IV. CONCLUSIONS

In this work, we investigate deep features in fibroatheroma
identification problem. Four deep features, AlexNet, VGG-
16, VGG-19 and GoogLeNet are studied. Leave-one-patient-
out cross-validate scheme has been adopted to evaluate these
features. Sensitivity, specificity and accuracy are calculated
to quantitatively evaluate the identification results. Experi-
mental results show that deep features can achieve promising
results in fibroatheroma identification, and the proposed
system could be further improved by adding more data or
patients. Deep features could also be applied for plaque
characteristic in the future.
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