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Abstract: Optical coherence tomography (OCT) is an optical diagnostic
modality that can acquire cross-sectional images of the microscopic
structure of the esophagus, including Barrett’s esophagus (BE) and
associated dysplasia. We developed a swallowable tethered capsule OCT
endomicroscopy (TCE) device that acquires high-resolution images of
entire gastrointestinal (GI) tract luminal organs. This device has a potential
to become a screening method that identifies patients with an abnormal
esophagus that should be further referred for upper endoscopy. Currently,
the characterization of the OCT-TCE esophageal wall data set is performed
manually, which is time-consuming and inefficient. Additionally, since the
capsule optics optimally focus light approximately 500 pum outside the
capsule wall and the best quality images are obtained when the tissue is in
full contact with the capsule, it is crucial to provide feedback for the
operator about tissue contact during the imaging procedure. In this study,
we developed a fully automated algorithm for the segmentation of in vivo
OCT-TCE data sets and characterization of the esophageal wall. The
algorithm provides a two-dimensional representation of both the contact
map from the data collected in human clinical studies as well as a tissue
map depicting areas of BE with or without dysplasia. Results suggest that
these techniques can potentially improve the current TCE data acquisition
procedure and provide an efficient characterization of the diseased
esophageal wall.
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1. Introduction

Endoscopic examination of the upper gastrointestinal (GI) tract is costly, inconvenient, and
typically requires the patient to be sedated [1]. Furthermore, endoscopy only provides
macroscopic information from superficial tissue, and, as a result, biopsies must be excised in
order to obtain a microscopic tissue diagnosis. Since only a limited number of samples can be
acquired, endoscopic biopsy is prone to sampling error [2, 3]. This is problematic for many
upper GI diseases, including Barrett’s esophagus (BE), esophageal adenocarcinoma, and
celiac disease, where the condition can be focal and patchy in nature.

Optical coherence tomography (OCT) is an optical diagnostic modality that can produce
cross-sectional images of microscopic structure of the esophagus, including BE and dysplasia
[4, 5]. We have recently developed a swallowable tethered capsule endomicroscopy (TCE)
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device that can acquire microscopic OCT images of GI tract luminal organs in a relatively
much more comfortable procedure that does not require conscious sedation or the assistance
of endoscopy [6, 7]. The OCT-TCE procedure is also simple, as it does not need to be
conducted in a specialized setting and can be performed by a nurse or other non-physician
medical personnel. However, the capsule optics optimally focus light approximately 500 pm
outside the capsule wall and the best quality images are obtained when the tissue is in a full
contact with the capsule. Usually, peristalsis ensures this condition, but there are cases where
the esophagus expands during the transit of the capsule. The current mode of operation for
loss of contact is to stop the movement of the device and ask the patient to sip water, at which
point the esophagus re-engages the capsule. It is therefore crucial for the catheter operator to
receive feedback about tissue contact during the imaging procedure to acquire best quality
data. Here, we present a method for the fully automated segmentation and two-dimensional
representation of the contact map from the data collected in human upper GI TCE pilot
studies. This information can be used to determine the quality of the TCE data set in terms of
tissue contact.

TCE provides detailed information about tissue microstructure. By analyzing TCE images
it is possible to characterize the esophageal wall, discriminating between squamous
esophagus (TCE visualizes in detail squamous esophagus layered architecture) and BE with
or without dysplasia (i.e., lack of layered structure) [6]. Ideally, a TCE data set is analyzed in
its entirety. However, since it usually includes >1,000 cross-sectional images, the current
method of manual analysis is an inefficient time consuming procedure which requires several
hours of work by an expert image reader. In order to become a suitable solution for a
screening, the data should be processed automatically and a tissue map depicting the status of
the entire esophagus with highlighted presence of abnormalities should be available
immediately after acquisition. The feasibility of semi-automatic computer methods for the
analysis of esophageal tissue by OCT has been demonstrated [8—10]. In this study, we
propose a fully automated tissue characterization algorithm, capable of identifying BE
through entire three-dimensional (3D) data sets, acquired in vivo. Both algorithms for the
segmentation and tissue characterization were validated against manual analysis of an expert
image reader.

2. Methods
2.1 Imaging system

The TCE system used in this study comprises an OCT imaging console, an optical rotary
junction and catheter [6]. The previously described OCT system [6] utilizes a polygon based
wavelength-swept laser centered at 1290 nm that provides an axial resolution of 10 pm and
A-line rate of 40 kHz. The TCE catheter is a small capsule (11 x 24.5 mm), attached to the
distal end of a thin, 1.6 m long, flexible tether (Fig. 1). The tether encloses an optical fiber
that delivers light from the OCT system to the capsule, where the fiber is terminated with
micro optics that redirect and focus the light immediately outside of the capsule’s housing.
Cross-sectional imaging is accomplished through one turn of the rotary junction that scans the
beam along the circumference of the capsule and surrounding esophagus. During each
rotation, 2,048 A-lines are obtained and displayed in real-time at a rate of 20 frames per
second. Multiple cross-sectional images of the esophagus are acquired as the capsule
passively descends the organ or is manually pulled up using the tether. The catheter is
designed so that it can be disinfected and reused.
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Fig. 1. The tether encloses an optical fiber that delivers light from the OCT system through the
capsule. The capsule encloses micro optics capable of redirecting and focusing the light
laterally and immediately outside of its housing for side viewing imaging. Cross sectional
imaging is accomplished by spinning micro optics in the capsule and fiber proximally at a

speed of 20 frames per second by the means of a rotary junction.

2.2 Image processing algorithm

We developed a fully automated framework capable of segmenting and characterizing
esophageal tissue over the entire 3D OCT-TCE data set (Fig. 2). The proposed algorithm
receives a stack of OCT images as its input. As a first step, the esophageal lumen is
automatically segmented, determining the axial position of the surface of the tissue for each
A-line. Segmentation results can be further processed to generate a 2D en face map depicting
the contact (or the lack of contact) between the imaging capsule and the tissue for the entire
data set. Subsequently, a layer detection algorithm is applied, characterizing the esophageal
wall identifying squamous (normal) esophagus versus BE. To conclude the processing

framework, a tissue characterization map is also generated.

oct [ Imeut 3D Tissue
dataset/ ! Segmentation

|

\ B2\

Image Processing

Output Tissue/Capsule
: 7| Contact Map

no

contact & contact

J—
angle  pyhack direction

Output Squamous | | Barrett's

Esq“a'm“s gEsophagus Esophagusé

angle  pyipack direction

Fig. 2. Flowchart of the entire automated processing framework. The algorithm receives as its
input an entire OCT pullback data set that typically comprises >1,000 images. Initially, the
algorithm automatically locates the position of the tissue’s surface over the entire 3D data set
and then tissue characteristics are assigned. Squamous esophagus is differentiated from BE
(with or without dysplasia) tissue by identifying the presence of horizontal layers. The output
of the algorithm is a tissue map of the entire data set, automatically depicting the presence of
BE and a contact map showing areas that lack contact between the capsule and the tissue.
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2.2.1 Lumen segmentation

The objective of the segmentation algorithm is to provide a fully automated, accurate and
time efficient quantification of the esophageal wall position along the entire data set. Given
that TCE data are acquired by the means of a continuous helical scan, the entire 3D data set
can be represented as a single image obtained by concatenating individual polar coordinate
images next to each other (Fig. 3) and thus segmented in its entirety by analyzing a single
digital image [11]. OCT images are preprocessed reducing the image background noise by
subtracting the lowest 10% pixel intensity computed using the image histogram [12].

In the initial segmentation step, an adaptive binarization technique (i.e., Otsu’s method) is
applied along the pullback direction by the means of a translating window w (without
overlap) having a size of 256 pixels (Fig. 3). This processing method corrects for changes in
image illumination that may affect the acquisition procedure. Subsequently, the resulting
binary image is processed with the purpose of retaining the esophageal wall only. For this
purpose, ad hoc morphological operations are applied: 1) binary morphological image
dilation [13] by the means of a rectangular structuring element s (5 by 11 pixels), having the
longer dimension oriented along the pullback direction. For this operation, the structuring
element is translated along the entire input binary image. For each translation location, if any
pixel in the input image within the structuring element is equal to one, then the output pixel is
set to one. 2) an area opening procedure eliminating all the 4-connected components with an
area below an arbitrary threshold (5000 pixels, in this case), and 3) morphological erosion
with the same structuring element used in step 1. In this way, by using textural properties of
the esophageal wall and its spatial continuity, it is possible to discriminate the wall from the
lumen and intraluminal debris. To conclude the segmentation procedure, a cubic spline with a
high smoothing value is fitted through the entire esophageal profile. Importantly, this final
step corrects for irregularities in the tissue contour, taking advantage of the 3D spatial
continuity of the organ. At the end of the segmentation procedure, it is possible to
automatically generate a 2D en face map of the capsule/tissue contact, depicting the area
where there is lack of contact. In this study, lack of contact is arbitrarily defined as tissue with
a distance >0.3 mm from the imaging capsule.

Capsule wall

Frame n-1 Frame n Frame n+1

Fig. 3. An entire OCT data set can be displayed as a single image by concatenating adjacent
frames. w indicates the window used for binarization and s is the rectangular structuring
element used for morphological image dilation/erosion following binarization.

2.2.2 Tissue characterization

Figure 4 shows representative examples of squamous esophagus (normal tissue) and BE.
From Fig. 4(a) it is possible to appreciate that OCT is capable of delineating the layered
structure of the squamous esophagus, including the squamous epithelium (E), lamina propria
(L), muscularis mucosa (MM), submucosa (S), inner muscularis (IM) and outer muscolaris
(OM). In contrast, BE with or without dysplasia is defined as the absence of such layered
structure by OCT imaging [5, 6] (Fig. 4(b)).
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OCT data are generated acquiring individual A-lines (as described in section 2.1) where
the intensity of the backscattered light is plotted as a function of depth. Looking at the profile
of such A-lines (Fig. 4(c)) it is possible to observe that the lamina propria and the submucosa
appear as sharply defined, high intensity peaks, showing a rapid rise and fall of the OCT
signal intensity. On the other hand, BE A-lines appear as a single layer of weakly attenuating
tissue following an exponential decay [14, 15].

On the basis of these observations, we developed an automated algorithm for the
classification of A-scan lines aiming to discriminate between normal esophagus versus BE
(with or without dysplasia), by detecting image layers. Prior to classification, image noise is
reduced by applying a 2D median filter using a square kernel having a size of 11 pixels.
Starting from the beginning of the A-line (defined during the segmentation procedure) the
intensity profile is analyzed looking for the presence of “significant” peaks. As a first step,
local maxima of the signal are computed. Subsequently, the prominence of all the local
maxima is analyzed. Peak prominence is a measure of its height and location with respect to
other peaks [16]. As showed in Fig. 4(c), in squamous mucosa, both the lamina propria and
submucosa generate two peaks that significantly stand out with respect to the others. In
comparison, BE does not show a peak with elevated prominence. Therefore, A-scan lines
showing at least one peak with a “significant” prominence are classified as containing
squamous esophagus, where “significant” is defined as a peak having a prominence higher
than a predefined threshold £,>25 pixels. A-scan line analysis can be applied to an entire
image or data set, culminating in analysis of the OCT data set in its entirety. To conclude the
tissue characterization procedure, classification results are corrected as follows: 1) a 2D en
face map of tissue characteristics is created for the entire data set; 2) spatial continuity is
applied by the means of a median filter with a kernel size of 7 pixels and by an area opening
procedure eliminating isolated regions with a pixel area <10,000 pixels. In the 2D tissue map,
squamous tissue is colorized in yellow, BE in red; tissue that has lost contact with the capsule
is shown in gray.
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Fig. 4. Layer detection. (a) shows a representative OCT image of squamous esophagus where
the typical layers are visible: squamous epithelium (E), lamina propria (L), muscularis mucosa
(MM), submucosa (S), inner muscularis propria (IM) and outer muscularis propria (OM). (b)
shows an example of BE tissue where the layers characterizing normal esophagus are absent.
(¢) schematic A-lines for both layered normal esophagus (from lumen to IM — blue line) and
BE (red).. Blue arrow and vertical/horizontal lines correspond to peak position, height and
width measured at half-height, respectively. Scale bar equal to 500 pm.

2.2.3 Parameter tuning and algorithm implementation

Optimal values for the algorithm parameters were empirically determined over a training-set
generated using multiple images from a total of 3 different in vivo OCT TCE pullbacks. The
values of the different parameters were determined in the presence of common artifacts such
as non-uniform rotation distortion (NURD), debris in the lumen, and changes in image
illumination. The algorithm was implemented using software Matlab R2014b (MathWorks,
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Natick, MA) and additional toolboxes: curve fitting toolbox, computer vision system toolbox,
image processing toolbox, optimization toolbox, signal processing toolbox, and statistics
toolbox. Processing time was evaluated on an 8-core Mac Pro desktop computer with 64 Gb
of RAM.

3. Data acquisition

Data were acquired in vivo from healthy volunteers and subjects with esophageal
abnormalities enrolled in the TCE clinical study (Partners IRB Protocol P-2011-2619).
During the procedure, unsedated subjects first swallowed the capsule with the aid of water.
The operator collected OCT images by letting the capsule traverse all the way to the stomach
and then pull it up to the proximal esophagus. That procedure was repeated up to two times to
make sure that best quality data was obtained. During the procedure, if the contact between
the capsule and the esophageal tissue was suboptimal, subjects were asked to dry swallow or
sip on water to re-engage peristalsis. After the imaging portion of the procedure was
completed, the catheter was pulled out, disinfected and tested for signs of wear before reuse.
An algorithm training-set was generated using a total of 3 different in vivo OCT pullbacks
(obtained from 1 normal and 2 abnormal subjects) and a test-set was generated from 4 in vivo
OCT data sets (obtained from 2 normal and 2 abnormal subjects).

4. Validation

The algorithm was validated by comparing automated to manual OCT image segmentation
performed by an expert image reader (gold standard). Four (4) data sets from 4 different
patients were automatically segmented by the algorithm. To avoid bias in the validation, 100
images were randomly extracted and compared to manual segmentation. Segmentation
accuracy was quantified by the means of Dice similarity coefficient (2D assessment) and by
comparing manual to automated segmentation on individual A-scan-lines (1D assessment),
quantifying the difference between the two measurements, and using Pearson’s correlation
coefficient.

To validate the tissue characterization algorithm, an expert image reader, blinded to
automated tissue characterization results, delineated areas of normal and BE using criteria
previously established [5] identifying 25 images containing squamous and 25 additional
images showing BE wall appearance. These images were automatically analyzed and the
algorithm performance was quantified computing accuracy, sensitivity and specificity for the
classification of all A-scan lines in each image. The processing time for both segmentation
and tissue classification steps were also quantified.

5. Results

An example of the automated esophageal wall segmentation is shown in Fig. 5. Results for
different degrees of contact are illustrated. As it is possible to appreciate in (d), automated
segmentation allows the visualization of a 2D map that is representative of capsule-tissue
contact for the entire data set. For all 100 randomly selected images, a Dice correlation
coefficient of 0.983 + 0.014 (mean and standard deviation) was found. In addition, algorithm
validation demonstrated a 1D segmentation error of 17.7 um (approximately equal to twice
the axial resolution of the imaging system) + 44.3 um with a correlation coefficient between
automated and manual measurements r = 0.979. The processing time was on average 38 + 4
ms per image.

Figure 6 shows an example of tissue characterization for an entire OCT data set obtained
in a subject with history of BE. An example of cross-sectional image analysis is given for
both squamous and BE and a 2D map of tissue type is generated, depicting the Barrett’s
distribution. A BE short segment (green arrow in Fig. 6) was found between the stomach and
squamous esophagus. A linear region, likely corresponding to an esophageal folding artifact
was also classified as BE (blue arrow in Fig. 6).
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Tissue analysis validation over 50 images, showed an A-scan line classification accuracy
of 94% with a sensitivity and specificity of 94% and 93%, respectively. The average
processing time was ~1 second per image.

Fig. 5. Example of segmentation results and tissue contact analysis. (a) capsule in the stomach
with very low tissue contact, (b) capsule in the esophagus with complete contact, (¢) capsule
partially touching the esophageal wall (d) 2D contact map automatically generated by
segmenting the entire data set. Colormap ranges from blue to red, where blue corresponds to
full contact and red corresponds to no contact. (e) example of segmentation with the presence
of intraluminal debris (indicated by *). (f) and (g) additional examples of fully automated
segmentation results.

) : : Loss of Layered Abnormal
Pullback D
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Angle
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——
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Fig. 6. Example of tissue characterization results. (a) OCT cross sectional image of BE, (b)
squamous and (¢) lack of contact at 5 o’clock. (d) Tissue 2D map depicting BE tissue
distribution. Yellow color indicates tissue classified as squamous esophagus, red color depicts
BE (green arrow) and grey color corresponds to lack of contact. Blue arrow indicates folding
artifact (see section 6.1).
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6. Discussion

In this work, we developed a fully automated method for the segmentation and
characterization of esophageal tissue using OCT-TCE in vivo clinical data. A validation study
showed strong correlation with expert image reader assessment indicating that automated
analysis of TCE data was achieved. Time-efficient segmentation of TCE data was capable of
providing the position of the capsule and esophageal wall for each individual image A-scan
line automatically, assessing the quality of an entire data set based on the presence or lack of
contact between capsule and tissue. The absence of contact can cause the tissue to be out of
focus, resulting in a reduced contrast image (Fig. 7(a)). Additionally, the tissue can also fall
outside the OCT system’s image range (Fig. 7(b)). If applied on-line, during the imaging
procedure, this method can provide helpful information to optimize the data acquisition
procedure, allowing swallowing intervention to take place if the capsule loses contact (i.e.,
stop and restart the imaging acquisition procedure when adequate contact is obtained) and
enabling a rapid and complete assessment of the overall quality of the TCE data set.
Therefore, the proposed algorithm can ensure that a pullback with acceptable image quality
has been acquired before concluding the imaging procedure. In addition, this technique will
also be helpful in post-processing techniques to accelerate three-dimensional rendering of the
data sets, replacing manual analysis that is currently needed [6, 17].

In addition to tissue segmentation, a fully automated framework capable of characterizing
esophageal tissue was developed, discriminating squamous tissue from non-layered
appearance of BE with or without dysplasia. The algorithm was validated against the manual
analysis of an expert image reader showing a high degree of agreement, indicating that the
automated characterization of esophageal wall is feasible. Additional validation using
histology as the gold standard is merited. Also, the proposed algorithm was applied to an
entire TCE data set acquired in vivo, showing its ability to depict tissue types of an entire
esophageal segment (Fig. 6). The proposed methods have the potential to improve the current
data acquisition procedure and provide a more efficient analysis of the diseased esophageal
wall.

Fig. 7. Examples of lack of contact. Image (a) shows an example of squamous esophagus and
tissue out of capsule focus with reduced image contrast between the different layers (arrow).
Image (b) shows an example of tissue out of the system and capsule image range (arrow).

6.1 Limitations and further developments

In this study, an agreement of 94% was found comparing automated to expert manual tissue
classification. Since clinical TCE data are acquired by the means of peristalsis to obtain
optimal tissue and capsule contact, in some images, it is possible to observe an effect known
as “folding artifact” (FA) (blue arrow in Fig. 6). Such artifacts consist of squamous tissue that
folds over the imaging capsule causing layers that typify squamous esophagus to become less
visible in the OCT image (Fig. 8). In this situation, the proposed algorithm misclassified
folded squamous esophagus, such as those seen around areas of lack of contact, as BE. In
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order to address this issue, the proposed framework may be further expanded including tissue
backscattering quantification (e.g., by the means of texture analysis such as co-occurrence
matrices [18] and wavelet analysis), however this would significantly increase algorithm
complexity and processing time. Since these artifacts usually manifest as longitudinal stripes
along the esophagus, it is also possible to remove them computationally using shape analysis
image processing techniques and ignoring areas in the proximity of regions that demonstrate
lack of contact. The occurrence of folding artifacts is significantly lower in VLE devices that
use balloon-centering catheters [19-21], where catheter and tissue contact is optimized by
inflating a larger diameter balloon during the imaging procedure.

A Matlab implementation of the proposed algorithms resulted in a processing time of
approximately 38 ms for the segmentation of a single image, with each image comprising
2,048 A-lines, and the tissue classification step required <1 second per image, on average.
Although these results showed a significant improvement over manual analysis of TCE data,
further improvements in computational efficiency will be useful for real-time applications.
The processing time can be decreased through code optimization and implementation in a
lower level language. As mentioned above, efforts in this study were made to keep algorithm
complexity low (avoiding computationally intensive methods, such as co-occurrence matrix
or wavelet analysis) and both segmentation and tissue characterization steps are obtained by
processing individual A-lines (or bulk of A-lines) in series. This kind of approach makes the
proposed algorithms suitable for a GPU parallel programming model, with the potential to
achieve a real-time analysis of entire TCE data sets.

A last consideration is about the proposed tissue classification scheme. In this study, we
developed an algorithm capable of discriminating between squamous and BE with or without
dysplasia. It is possible to argue that the proposed scheme can be further expanded for the
automated discrimination of low-grade vs. high-grade dysplasia. Although the typical layers
characterizing squamous esophagus can be visually recognized in OCT images, making it
possible to discriminate Barrett’s, the difference between BE with or without dysplasia is not
as remarkable. Some criteria have been proposed for this purpose, such as presence of glands,
surface maturation (i.e., increased superficial backscattering) and tissue homogeneity.
However, OCT-TCE validation studies using histopathology as gold standard still need to be
conducted. It will be the scope of future studies to further expand the proposed framework for
the differentiation of premalignant conditions such as nondysplastic BE dysplasia, low grade,
high grade dysplasia, and invasive cancer using TCE data.

Capsule wall

Barrett’s Esophagus

Fig. 8. Appearance of squamous esophagus (a) compared to BE (b) and folded squamous
tissue, or the so called “folding artifact” (FA). As it is possible to appreciate from the image,
folded squamous esophagus appearance is similar to BE, as the layers that typify squamous
mucosa disappear on the OCT image.
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7. Conclusion

In this study, we developed a fully automated framework for the segmentation and
characterization of esophageal wall using OCT-TCE in vivo clinical data. The algorithm has
been validated, showing a high degree of agreement with the analysis of an expert image
reader. The proposed methods may be useful for improving the current TCE data acquisition
procedure and for automatically classifying the esophageal wall.

Acknowledgements

This work was supported in part by US National Institutes of Health grant NIH
RO1CA103769 (GJT). Disclosure: Massachusetts General Hospital has a licensing
arrangement with NinePoint Medical. Drs. Tearney, Nishioka, and Gora have the rights to
receive royalties as part of this licensing arrangement.

#253368 Received 10 Nov 2015; revised 16 Dec 2015; accepted 16 Dec 2015; published 8 Jan 2016
(C) 2016 OSA 1 Feb 2016 | Vol. 7, No. 2 | DOI:10.1364/BOE.7.000409 | BIOMEDICAL OPTICS EXPRESS 419





