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Abstract. Lung ultrasound (LUS) is an established non-invasive imaging method
for diagnosing respiratory illnesses. With the rise of SARS-CoV-2 (COVID-19)
as a global pandemic, LUS has been used to detect pneumopathy for triaging and
monitoring patients who are diagnosed or suspected with COVID-19 infection.
While LUS offers a cost-effective, radiation-free, and higher portability compared
with chest X-ray and CT, its accessibility is limited due to its user dependency and
the small number of physicians and sonographers who can perform appropriate
scanning and diagnosis. In this paper, we propose a framework of guiding LUS
scanning featuring augmented reality, in which the LUS procedure can be guided
by projecting the scanning trajectory on the patient’s body. To develop such a
system, we implement a computer vision-based detection algorithm to classify
different regions on the human body. The DensePose algorithm is used to obtain
body mesh data for the upper body pictured with a mono-camera. Torso sub-
mesh is used to extract and overlay the eight regions corresponding to anterior and
lateral chests for LUS guidance. To minimize the instability of the DensePose mesh
coordinates based on different frontal angles of the camera, a machine learning
regression algorithm is applied to predict the angle-specific projection model for
the chest. ArUco markers are utilized for training the ground truth chest regions to
be scanned, and another single ArUco marker is used for detecting the center-line
of the body. The augmented scanning regions are highlighted one by one to guide
the scanning path to execute the LUS procedure. We demonstrate the feasibility
of guiding the LUS scanning procedure through the combination of augmented
reality, computer vision, and machine learning.

Keywords: Lung ultrasound - POCUS - COVID-19 - Coronavirus - Augmented
reality - Computer vision - Machine learning - Image processing

1 Introduction

Lung ultrasound (LUS) is a non-invasive diagnostic exam that produces ultrasound
images of various components of the chest such as the lungs and pleural spaces. Arti-
facts in the ultrasound images arising from LUS have been used for the diagnosis of
respiratory illnesses such as pneumothorax [1]. SARS-CoV-2 coronavirus has caused a
worldwide pandemic of highly communicable respiratory illness known as Coronavirus
Disease 2019 (COVID-19) [2]. LUS has been suggested and used to detect pneumopathy
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for triaging and monitoring patients who are diagnosed or suspected with COVID-19
because of its high specificity and ease of use in resource-constrained environments
[3]. With COVID-19 and related respiratory illnesses claiming hundreds of thousands
of lives around the world, there is an imminent need to develop time and resource-
constrained diagnosis and monitoring techniques. While LUS with the point-of-care
ultrasound (POCUS) offers a cost-effective, radiation-free, and higher portability solu-
tion compared with chest X-ray and CT, its accessibility is limited due to its user depen-
dency and the small number of physicians and sonographers who can perform scanning
and diagnosis [4]. There is a need to develop systems that can assist the LUS procedure
for diagnosis and monitoring of lung illnesses, and primarily COVID-19. In this work,
we present a solution to address this need.

We introduce a framework of guiding LUS scanning with augmented reality (AR),
in which the LUS procedure can be guided by projecting the scanning trajectory. To
develop such a system, we implement a computer vision-based detection algorithm to
classify different regions on the human body. While 2-D/3-D cameras and depth sensors
are more common for human pose estimation, we focus on monocular human pose
estimation (HPE) [5] considering the resource-limited environment. A single person’s
chest is pictured to detect the scanning regions which define AR overlay areas to be
displayed in the pictures. In the literature, several regression-based algorithms have
been proposed for 2D single person pose estimation [6-9]. These algorithms map the
detected coordinates of body joints or the parameters of human body models over the
input image. Besides, the detection-based methods treat the body parts as detection
targets based on two widely used representations: image patches and heatmaps of joint
locations [10-12]. For example, PoseNet is a widely utilized algorithm for human pose
estimation with monocular images [13]. While it has a high detection accuracy, it is
not suitable for lung region extraction because of a smaller number of torso data points
segmented. On the contrary, DensePose is another real-time approach for mapping a 3D
surface-based model of the body to human pixels from 2D RGB images [14]. DensePose
generates a mesh data of the human body, from which several sub-meshes including a
torso sub-mesh can be extracted. We utilize DensePose to obtain the torso mesh data
and to augment the “overlay”, the scanning region information for the ultrasound probe
tracking and the LUS guidance and navigation. Further, ArUco markers [15] are used for
the detection and guidance of an ultrasound probe for regions on the chest to facilitate
an effective LUS.

In this paper, we present the AR-based LUS guidance with the outline described
in the following order. First, Sect. 2 describes the implementation of the utilization
of DensePose along with the ultrasound probe tracking using ArUco markers and the
regression-based overlay region estimation. Next, Sect. 3 describes the experimental
setup. Finally, Sect. 4 presents and discusses the results for overlay generation, probe
tracking, and regression-based region estimation.
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2 Materials and Methods

2.1 Lung Ultrasound Scanning Protocol

LUS is performed by scanning pre-defined regions of the chest. In a common clinical
workflow, the operator scans 8 regions in a supine position with 4 locations on the front
and 2 on each side of the chest [16, 18]. For the LUS procedure also including the
prone position, an additional 2 to 6 regions are scanned on the back, increasing the total
number of regions tobe 10to 14 [17, 19-23]. Table 1 summarizes the scanning regions of
different LUS protocol. While more regions provide more information for the diagnosis,
LUS in the supine position is more focused especially in emergency ultrasound because
the prone position is not always accessible due to the immobility of patients. To avoid
the complexity of guidance and workflow, this paper focuses on 4 anterior and 4 lateral
chest regions for a corresponding AR overlay. The landmark method is used to obtain
LUS data from specific landmarks on the chest.

Table 1. Regions and locations of different LUS protocols.

Ref. no. # of regions Region location Guidance

[16] 8 4 anterior, 4 lateral Landmark

[17] 12 12 zones Rib

[18] 8 4 anterior, 4 lateral Linear and curved
[19] 12 4 anterior, 4 lateral, 4 posterior Exhaustive

[20] 12 Complex regions Landmark

[21] 12 4 anterior, 4 lateral, 4 posterior Landmark

[22] 14 4 anterior, 4 lateral, 6 posterior Landmark

[23] 14 4 anterior, 4 lateral, 6 posterior Exhaustive

2.2 DensePose-Based Upper Body Detection and Region Estimation

DensePose is a deep learning algorithm which establishes dense correspondences from
2D images to a 3D surface-based model of the human body using a single RGB image
[20]. The algorithm uses the architecture of Mask-RCNN (Region-Based Convolutional
Neural Network) [22] with FPN (Feature Pyramid Network) Features [23] and ROI
(Region of Interest) Align pooling to obtain part labels and coordinates within each
region. The supervised deep learning algorithm has the convolutional network on the
top of the ROI pooling which generates per-pixel classification results for the selection
of the surface part and regresses local coordinates within the part [20].

The region of interest for LUS is defined through the torso surface partition obtained
after implementing the DensePose algorithm on a test image (Fig. 1(a)). The 2D surface
partition thus obtained is partitioned into half to consider two hemithoraces (Fig. 1(c)).
A new image is created by extracting all pixels with value 2 (relating to the torso region)
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in layer I. The U and V coordinates of this sub-region are used to draw an overlay based
on [1] as shown in Fig. 1(b). The augmented scanning regions are used as a reference to
assist the operator to perform the LUS based on a landmark-based method, as described
in Sect. 2.1. Figure 1(c) shows I, U, and V layers.

(@) pensePose coordinate
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Fig. 1. DensePose-based torso region estimation: (a) DensePose Coordinates, (b) targeted LUS
scanning regions augmented on the body based on the protocol presented in [16], & (c) post-
processed IUV images for chest segmentation.

2.3 Probe Tracking and Scanning Region Training Using ArUco Markers

ArUco markers are binary square fiducial markers used to find correspondences to obtain
the marker pose for the camera frame [21]. 6 x 6 marker dictionary is used which has
36 bits in the inner binary matrix. ArUco library is a part of the OpenCV python module
cv2 which uses Numpy array data types. The aruco.detectMarkers function is used to
detect the marker, its features, and identification information. Once the marker has been
detected, the camera pose can be estimated given the internal camera matrix utilizing
the aruco.estimatePoseSingleMarkers function.

To enable tracking of the ultrasound probe and to train the LUS scanning regions,
8 different ArUco markers were placed at 8 different locations on the chest based on
regions shown in Fig. 1(b). Besides, an ArUco marker was also placed on top of the
ultrasound probe, and the transformation matrix was calculated between the ArUco
marker on the ultrasound probe and its tip. Then, based on the sequence of navigation to
different regions on the chest, an arrow points towards the marker in the desired region to
facilitate navigation of the markers. We obtained the 3 by 3 internal camera matrix, cmat
for Logitech C920 webcam after calibrating with 20 different images of a checkerboard.
This is used to obtain the tip position in XYZ coordinates as explained in Sect. 3.

2.4 Improving the Overlay Generation

While implementing the DensePose algorithm, there are two challenges: centering of
torso mesh model irrespective of the camera angle, and inaccuracies in the mesh overlay
(described in Fig. 1(b)) for varying camera angles (Fig. 2(b)). The angle was measured
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laterally assuming the anterior part of the body to be perpendicular to the testbed. In this
subsection, we explain solutions to these issues.

Centering Torso Model. To center the torso overlay for varying camera angles, an
ArUco marker was placed at the center of the torso near the neck. Center ‘X’ and ‘Y’
coordinates from the marker and the corresponding ‘V’ center coordinates given by
DensePose are extracted. The ‘V’ coordinates are then used to center the torso overlay.

Overlay Correction. To have a corrected overlay for different camera angles, regres-
sion models are trained. The trained data are based on the ‘U’ and ‘V’ locations of the
ArUco markers on the chest. The regions of the markers are based on Fig. 1(a). Models
are trained for angles ranging from 40°-140° at an increment of 5° each. The Support
Vector Regression (SVR) algorithm is used to define the model based on the data [24].
SVR is chosen for the data because it has been proven to be an effective tool in real-value
function estimation [25]. The SVR uses a supervised learning approach and trains using
a symmetrical loss function which equally penalizes high and low misestimates. Using
SVR, the ‘U’ & ‘V’ coordinates which more precisely reflecting the true locations are
predicted by using the camera angle as input to the machine learning model.

3 Experimental Implementation
The tracked ultrasound probe is used to navigate its scanning path from one region to
the next through the combination with the AR-based guidance. Figure 2(a) shows the

setup for probe tracking utilizing a camera. An ArUco marker is mounted on the top of
the ultrasound probe for pose tracking.
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Fig. 2. (a) Ultrasound probe tracking and guidance setup. (b) Angle measurement from 40°-140°
at an increment of 5° with the camera along the circle in white.

Denoting the 4 by 4 homogeneous transformation matrix from camera frame to
marker frame as 7,,"" and from marker frame to transducer tip as Tt’l-';j”ke’, Trmarker can
be obtained using the aruco.estimatePoseSingleMarkers function. Equation 1 denotes

the 3D coordinates of the tip location fip,y, = [tipx, tipy, tipz]T which is obtained as:

|:tipxyz:| — cam Tmarker' (1)

1 marker** tip
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To determine the tip position tip,, = [tipu, tipv]T for the regions, camera XYZ
coordinates are converted to UV coordinates by applying the transformation defined in
Eq. 2 as

tip 1 | tip
[ 1”Vi|=cmat.TCvZ‘,’,f |: lxyz]. ()

T¥or!d s the homogeneous transformation matrix from the world frame to the camera

frame. Since the camera frame is defined as the world frame, 77" is 3 by 3 identity
matrix concatenated with [0, O, O]T to the right.

Figure 2(b) introduces the data collection process from the subjects. While laying in
the supine position, the project member takes pictures of the human chest, with angles
measured from 40°-140° at an increment of 5° with the camera along the circle in white.

4 Results and Discussion

Figure 3 presents the DensePose verification where the camera is set at the chest level
to get the body images from 20 different angles. 8 ArUco markers (ID# from 1 to 8)
were attached to the center of eight regions on the chest. An additional marker (ID#
9) was attached to the lower-neck region for locating the center of the overlay. 20 sub-
figures corresponding to 20 angles were processed using DensePose and the overlay was
generated.

40[deg]

b o9
@

65[deg]

115[deg] 120[deg] 125(deg] 130(deg] 135[deg]

Fig. 3. DensePose verification for angles ranging from 40°-135° at an increment of 5°.

‘U’ and “V’ data corresponding to the different markers taken from camera angles
from 40 to 140° at an increment of 5° were collected. To provide the best fit for the various
streams of data (8 different u and v points), machine-learning based regression algorithms
were utilized. Data preprocessing was done to eliminate the angles for which the marker
‘U’ and ‘V’ coordinates were zero. A total of 8 different pairs of regression models were
trained, each pair corresponding to ‘U’ and ‘V’ coordinates per marker. R? score was
utilized as a goodness of fit measure to quantify the performance of the machine learning
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models. Table 2 shows the R? score for ‘U’ and ‘V’ coordinate predictions for different
camera angles for the 8 markers. Superscript ‘w’ has been used for ‘U’ predictions for
marker 1 and 6 to denote the weighted data used to generate the final score. This was done
to minimize the effect of outliers obtained during support vector regression modeling.

Table 2. R2 score for U and V value predictions for the 8 markers.

Marker |1 2 3 4 5 6 7 8
number

U 0.88Y 10.77 [0.85 [091 [0.76 |0.84% |0.99 |0.84
\% 0.98 0.98 10.89 {095 [098 |0.97 0.99 0.85

To evaluate whether the segmentation based on DensePose matches the desired
segmentation, the error vector e(i) in pixel space was defined as the Cartesian distance
between the center of the overlay region and the center of the corresponding ArUco
marker as defined in Eq. 4 as

_ 1P = P4
N

where i € [1, 8] is the region index, P, = [me, Pmy]T is the two-dimensional marker

e(i) “4)

center position in pixels and Py = [de, de]T is the two-dimensional region center
generated from DensePose. w and 4 are the frame width (1920 pixels) and frame height
(1080 pixels) respectively. Figure 4 shows the region segmentation error for the marker
position and presents a clinically acceptable range of 1-5%. Extremities are observed in
markers 1 and 6 because of the outliers observed during the training of the model using
the SVR algorithm.
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Fig. 4. (a) Scanning region segmentation error values from the true marker locations. Percentile
errors were computed for the camera view dimension (frame size: 1080 * 1920 pixels). (b) Exam-
ples of the scanning region overlay with ground truth locations and locations predicted by the
SVR model. (Color figure online)
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The workflow of the real-time scanning procedure of the proposed guidance system
is shown in Fig. 5. First, an overlay is generated using DensePose (area marked in red).
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Due to high deploying requirements and relatively low running speed of DensePose, for
‘real-time’ scanning of the patient, assuming that the patient does not move during the
ultrasound test, an overlay was generated once at the left and right sides, respectively.
The distance between the ultrasound probe tip and the marker location is monitored and
used to determine the switch of guidance from one region to another. The system guides
the operator to move the probe from the center of the visible region (anterior chest)
at the side to the center of the last visible region (lateral chest) using the green arrow.
The developed system can be integrated with the head-mounted display or hand-held
phone-based guidance for AR implementation. Future works include incorporation of
LUS with the prone position as well as improving the pose estimation algorithms to
achieve better region identification.

Preprocessing

estimate camera
pose from fiducial

place camera at right
lateral bedside

obtain image of the
patient with fiducial
marker in FOV

generate body mesh
using DensePose
extract torso area
from the mesh

predict target u, v
coordinates of the
region centers using
SVR

> — -
From outside of region From region 5 to
Croata overiay Performing LUS 5to region 5 region 6
B >~ » -
place probe at the L J »‘, q | J wa
center of first region - ey S
L oy . &
r ¥
T probe reached e
the last region L] 1
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guide the probe to thel 8 6
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Fig. 5. (a) The workflow of the AR-based LUS guidance system. (b) Screenshots of real-time
demonstration of the right chest as an example (right chest covers region 5 to 8).

5 Conclusions

In this paper, an AR-based LUS guidance framework is introduced by utilizing the
scanning region identification through a combination of DensePose and ArUco markers
for assisting diagnosis and subsequent monitoring of COVID-19 patients. An AR overlay
can assist the sonographer to carry out the LUS for the diagnosis of respiratory illnesses
such as COVID-19. Machine learning algorithms have been used to further improve
the LUS region augmentation by minimizing the camera angle-associated inaccuracy.
This system presents a demonstration of the capability to utilize AR, machine learning,
and computer vision to help POCUS-based diagnosis and monitoring of lung-related
illnesses such as COVID-19.
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