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Abstract: Monocular vision system is very commonly used in robots. But it is difficult for a monocular vision system to obtain the 

depth information of object, which results in the failure of 3D (three dimensional) measurement. In this paper, a motion-based 

measurement method is proposed for a monocular vision system consisting of yawing camera. The depth of object is estimated with

the motion increment based on the interaction matrix when the camera translates with the moving platform. Then the object’ s X- 

and Y- coordinates are computed with the depth and its imaging coordinates. In the two typical cases of front view and side view, 

the errors caused by different variables are analyzed. The error in the motion increment is always an important error source. The 

experimental results verify the effectiveness of the proposed measurement method. 
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1 Introduction 

Vision systems are widely used in mobile robots. They have 

two main categories such as binocular vision [1] and monoc-

ular vision [2]. Just as implicated in the name, a binocular 

vision system consists of two cameras, also working as a ste-

reo vision system. It can measure 3D positions of objects in 

the common fields of view of the two cameras. A monocular 

vision system has only one camera, which is cheaper than 

traditional stereo vision system. In [3], two cameras were 

separately installed on two mobile robots to capture images at 

different views. It is monocular vision system for each robot, 

but the two cameras form binocular vision system. A method 

to estimate the localization of objects in 3D scenes using col-

laborative robots was presented in [3]. The robots can meas-

ure the location of objects using only a single camera installed 

on each one of them. �
The measurement methods with monocular vision system 

are classified into four categories according to different 

measuring principles: triangle measurement method, object 

knowledge-based method, learning-based method, and mo-

tion-based method. It can be found from the principle of ste-

reo vision that two images at different views are necessary to 

compute the 3D positions of feature points with triangle 

measurement method. In the binocular vision system, the two 

images are simultaneously captured by the two cameras. Of 

course, as an alternative, the two images can also be captured 

by one camera in the monocular vision system [4] [5]. One 

camera with two optical loops is a solution for monocular 

stereo vision. For example, two optical loops were formed 

with four reflection mirrors in [2] [4] [5], images were cap-

tured by one camera through the two optical loops. The image 

is separated into left and right areas, which are corresponding 

to the two optical loops. As pointed out in [2], due to the two 
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sets of symmetrical reflectors, the real camera is imaged into 

two completely symmetrical virtual cameras with a certain 

angle, respectively. The triangle measurement method is used 

to compute 3D positions. Another solution for monocular ste-

reo vision is to capture images with one camera at different 

views [6]. On the one hand, its larger base-line would be very 

helpful to improve the measurement accuracy if the relative 

poses of the camera at different views were accurately ob-

tained. But the relative pose of the camera from one to anoth-

er view point is not accurate, which has severe influence on 

the measurement accuracy. On the other hand, the camera 

should be moved to another position to capture the second 

frame image. The images are captured at different time. Ob-

viously, its measuring efficiency is very low and not suitable 

for dynamic measurement. The object knowledge-based 

methods measure the positions of objects based on their 

pre-known knowledge with one image. The typical methods 

include perspective-n- point (PnP) method [7] [8] and plane 

projection method [9]. In the PnP method, the positions of n

given points are known in the reference frame, the pose of 

reference frame relative to the camera frame can be deter-

mined with the image coordinates of n given points and their 

Cartesian positions in the reference frame. For example, 4 

corners of a rectangle were used to computed the robot’s pose 

with PnP method in [8]. The plane projection method devel-

oped in [9] estimated the pose of ellipse. The pre-known 

knowledge is not always available in practice. The learn-

ing-based measurement method appears in recent years. The 

3D information of objects can be obtained from the trained 

Markov random field [10] or deep learning neural network 

[11]. For example, the 3D scene structure was learned from a 

single still image of an unstructured environment via Markov 

random field in [10]. The depths of objects were learned from 

single monocular image using deep convolutional neural 

fields in [11]. It should be noted that a large number of 

marked samples are required in the training process for learn-

ing-based method. The accuracy of estimated depth is low. 

The motion-based measurement methods include multi-view 
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method [12] [13] and interaction matrix-based method [14]. 

For example, the 3D positions of objects were estimated via 

the optimization of re-projection in image space based on the 

reconstruction of objects from multi-view images in [12]. Its 

time cost is very high. The pose of mobile robot was itera-

tively estimated from the variations of feature points and lines 

on the ceiling in [13]. The positioning error is accumulated 

with the movement of mobile robot. The interaction matrix 

describes the relation between the camera’s motion and the 

image feature’s variation [14]. It can be used to estimate the 

camera’s motion or to determine the visual servoing control 

law [15] from the image features’  variations of two adjacent 

images if the depths of image features are available. It can 

also be used to estimate the depths of image features if the 

camera’s motion is available. The camera’s motion can be 

easily obtained when the camera installed on a mobile robot 

moves in line. It is very helpful for the monocular vision sys-

tem to realize the estimation of 3D positions of objects.  

It is well known that the depth is very important for 3D 

measurement. Kinect cameras developed by Microsoft are 

widely used to provide depth image [16-19]. For example, a 

Kinect camera was used to capture color and depth images in 

order to recognize user’s gestures and human pose [16]. The 

depth accuracy of Kinect camera is low. The color image with 

depth is called RGBD (red, green, blue, depth) image, which 

can provide large convenience for object recognition or 

tracking [20-23]. For example, Chen et al developed an 

FPGA- based RGBD imager, which is a trinocular stereo vi-

sion system to generate the composite color RGB and dispar-

ity data stream at video rate [19]. The small depth range and 

low accuracy of RGBD camera limit its applications. It is 

necessary to investigate the depth estimation in order to im-

prove the 3D measurement performance for monocular vision 

systems.  

The motivation of this work is to develop 3D measurement 

method for monocular vision system with larger measurement 

range and good convenience of application. The monocular 

vision system in this work consists of a camera and a yaw 

mechanism. The object’s depth in the camera frame is esti-

mated from the camera’s motion and the image features’  vari-

ation based on interaction matrix. The object’s X- and Y- co-

ordinates in the camera frame are computed with its depth and 

imaging coordinates. Then the object’s coordinates in the 

camera frame are converted to the coordinates in the vision 

frame.

The rest of this paper is organized as follows. Section 2 de-

scribes the configuration of monocular vision system with a 

yawing camera. The measurement method based on interac-

tion matrix is given in Section 3. Error analysis is provided in 

Section 4. Experiments and results are provided in Section 5. 

Finally, the paper is concluded in Section 6.  

2 Monocular Vision System with a Yawing Camera 

The configuration of the monocular vision system with one 

yawing camera is shown in Fig. 1. The camera frame is estab-

lished at its optical center. Zc-axis is selected to the optical 

axis direction toward scene. Xc- and Yc-axis are the directions 

corresponding to the horizontal and vertical axes of image. 

The camera is yawed by a mechanism to rotate around Yc-axis. 

The vision frame is established at the point on initial Xc-axis, 

the distance between the origins Oc and Ov is Lb. The axes of 

vision frame coincide with the axes of camera frame in the 

initial condition.  

Fig. 1 The configuration of monocular vision system 

3 Measurement Method 

The coordinates transformation from the camera frame to 

the vision frame is given as  
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Where (x, y, z) and (xc, yc, zc) are the coordinates in the vision 

and camera frames, cTv is the transformation matrix from the 

vision frame to the camera frame, � is the yaw angle of cam-

era, Lb is the distance between the origins Oc and Ov.

In the camera frame, the variation of image feature point 

and the camera’s translation have the relation in (2). 
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Where kx and ky are the magnification factors, (�ui, �vi) is the 

variation of image coordinate of the i-th feature point, zci is 

the depth of the i-th feature point, (�xc, �yc, �zc) is the 

movement increment of camera, (x1ci, y1ci) is the imaging co-

ordinates of the i-th feature point in the camera frame, as giv-

en in (3). 

1 0

1 0

( ) /

( ) /

ci i x

ci i y

x u u k

y v v k

	 ��
� 	 ���

             (3) 

Where (u0, v0) is the image coordinate of the camera’s optical 

center. 

The movement increment of camera in the camera frame 

can be deduced from (1) with the differential operation. 
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Where (dx, dy, dz) is the movement increment of camera in the 

vision frame. 

For the mobile robot working on a planar ground, dy=0. So 

�yc=0. In this case, it can be found from (2) that �vi is affect-

ed by one term and �ui by two terms. �vi is less sensitive than 

�ui since y1ci is less than 1. Hence the second equation in (2) 

is not suitable to estimate zci. From the first equation in (2), 

we have  

1( )x ci c c
ci

i

k x z x
z

u

� ��
	

�
            (5) 

Then, the coordinates xci and yci are computed with (6). 
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(xci, yci, zci) is the coordinate of feature point in the cam-

era frame. It is converted into the coordinate (xi, yi, zi) in 

the vision frame, as given in (7). 

� � � �1 1
T Tc

i i i v ci ci cix y z T x y z	      (7) 

Where (xi, yi, zi) is the coordinate of feature point in the 

vision frame. 
In measurement, the image coordinate of feature point is 

extracted and its variation relative to last sampling is com-
puted. The movement increment (dx, dy, dz) of camera in the 

vision frame can be obtained from the odometry data of 

mobile robot. Then the movement increment (�xc, �yc, �zc)

of camera in the camera frame is computed with (4). x1ci is 

computed with (3). Then (xci, yci, zci) is computed with (5) 

and (6). Finally, the coordinate (xi, yi, zi) of feature point in 
the vision frame is computed with (7). 

4 Error Analysis 

Combining (3), (4) and (5), we have 
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For the mobile robot with nonholonomic constraint, it can 

not move along the direction of wheel axis. When the mobile 

robot moves ahead in line, dx=0. Formula (8) is rewritten as 

(9). 
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The intrinsic parameters of camera are not considered in 

error analysis since they can be well calibrated with satisfied 

accuracy. Hence, the variables such as dz, ui and � are consid-

ered. The differential of (9) is 
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For the convenience of analysis, two typical cases are con-

sidered. The first typical case is the front view where � =0�,
the second typical case is the side view where � =90�. In the 

first typical case, formula (10) is changed to (11). 
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In the first typical case, the relative depth error is deduced 

from (11) and (9). 
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It can be found from (12) that the relative error of zci

caused by the dz’ s error is equal to the relative error of dz.

The relative errors of zci caused by the errors in �, ui and 

ui-1 are linear with these variables’  errors. The value 

1/(ui-u0) is a common factor in the last three terms. It has 
important influence on the relative error of zci. The closer ui

to u0, the larger the last three terms. Therefore, it is helpful 

for ui departing from u0 to improve the estimation accuracy 
of depth. In addition, the second and fourth terms have 

much more contributions to the relative depth error since 

the larger values of kx and zci. For example, in the case �
=0�, when dz=20 mm, kx=1700, ddz=1 mm, the relative 

depth errors caused by different variables’  errors are com-

puted as follows. If zci=500 mm, ui-u0=10 pixels, d�=0.05�,
i.e., d�= 8.7266�10-4 rad, dui =0.1 pixels, dui-dui-1 =-0.1 

pixels, then the four terms in (12) are 0.05, 0.1484, 0.01 
and 0.25. The total relative depth error is 0.4584, that is, 

45.84%. It is a very large error. If ui-u0=20 pixels and other 

conditions are kept, then the four terms in (12) are 0.05, 
0.0742, 0.005 and 0.125. The total relative depth error is 

0.2542, i.e., 25.42%. If ui-u0=50 pixels and other condi-
tions are kept, then the four terms in (12) are 0.05, 0.0297, 

0.002 and 0.05. The total relative depth error is 0.1317, i.e., 

13.17%. If ui-u0=50 pixels, zci=1000 mm and other condi-
tions are kept, then the four terms in (12) are 0.05, 0.0297, 

0.002 and 0.1. The total relative depth error is 0.1817, i.e., 

18.17%. It can be concluded that the first and second terms 
are always the main error source and the fourth term is also 

the main source when ui-u0 is small or zci is large. 
Similarly, in the second typical case, we have the depth er-

ror in (13) and the relative depth error in (14). 
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It can be found from (14) that the relative error of zci

caused by the dz’ s error is equal to the relative error of dz.

The relative errors of zci caused by the errors in �, ui and 
ui-1 are linear with these variables’  errors. The factor 1/kx is 

a common factor in the last two terms. It has less influence 

on the relative error of zci since its value is very small. For 

example, in the case � =90�, when dz=20 mm, kx=1700, 

ddz=1 mm, the relative depth errors caused by different 

variables’  errors are computed. If zci=500 mm, ui-u0=10 

pixels, d�=-0.05�, i.e., d�=-8.7266�10-4 rad, dui-dui-1 =-0.1 

pixels, then the three terms in (14) are 0.05, 5.1333�10-6

and 0.0015. The total relative depth error is 0.0515, that is, 
5.15%. It is an acceptable error. If ui-u0=50 pixels, zci=1000 

mm and other conditions are kept, then the four terms in 
(14) are 0.05, 0.0001 and 0.0029. The total relative depth 

error is 0.0530, i.e., 5.30%. It can be found that the first 

term is always the main error source and the other terms 
have less contributions to the relative depth error. In other 

words, the relative depth error in this case is not sensitive 
to the image area of object. It is very different from the 

situation in the case � =0�. The relative depth error in the 

case � =90� is much less than one in the case � =0�.
Submitting (3) into (6), we have  
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The differential of (15) is 
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The xci’ s and yci’ s relative errors to zci are 
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It can be found from (17) that the xci’ s relative error to zci is 

much less than the relative error of zci since (ui-u0)/kx is less 

than 1 and 1/kx is very small. For example, when ui-u0=50 

pixels, kx=1700, dui=0.1 pixels, dzci/zci=0.05, then dxci/zci=

0.0015, i.e., 0.15%. It is a very small error. The yci’ s relative 

error to zci is similar to the xci’ s relative error to zci.

5 Experiments and Results 

5.1 Experiment System 

An experiment system was developed with two cameras 

yawed by one stepper motor, as shown in Fig. 2. But only one 

camera was used in the experiments, which forms the monoc-

ular vision system with a yawing camera. The image size was 

640�480 pixels. The camera was calibrated with a chessboard 

pattern. The intrinsic parameter matrix and the lens distortion 

factors in Brown distortion model are as follows. 

1734.1 319.2

1734

0

0

0 0 1

.5 241.4inM

� �
� �	 � �
� �
 �

ka= [-0.11042, 0.43607, -0.00084, 0.00035]

In addition, the parameter in (1) is Lb=150.3 mm. 

(1)                         (2) 

Fig. 2 Experiment system, (1) vision system with yawing cameras, (2) 

experimental scene 

5.2 Measurement Experiment 

A chessboard was put in front of the left side of the camera. 

The image of chessboard was captured. Then the chessboard 

was moved an offset (-40, 0, 40) mm, which imitated the situ-

ation that the camera was yawed �=45�. The image of chess-

board was captured again. The corners on the chessboard were 

selected as feature points and extracted from the two images 

above. Their variations were used to compute the 3D coordi-

nates of the corners with (3), (4), (5), (6) and (7). The corners’  

image coordinates and 3D positions are listed in Table 1.  

Table 1 Image coordinates and 3D positions of corners on chessboard 

No. Image coordinates 

u, v (pixel) 

3D positions 

x, y, z (mm) 

1 178.4 229.6 -141.7 -4.2 616.3 

2 232.5 228.5 -123.2 -4.7 627.7 

3 284.8 227.6 -104.1 -5.0 623.6 

4 338.3 226.3 -84.9 -5.5 631.1 

5 390.3 225.0 -66.1 -5.9 623.1 

6 180.8 281.4 -142.4 14.6 631.2 

7 233.6 280.3 -123.0 14.1 629.4 

8 286.3 279.4 -103.8 13.8 628.9 

9 339.0 277.9 -84.5 13.1 623.9 

10 392.2 277.7 -65.3 13.2 631.1 

11 182.8 333.4 -141.4 33.4 628.9 

12 234.3 332.3 -122.3 32.8 624.8 

13 287.2 331.3 -103.4 32.6 629.3 

14 340.7 331.5 -84.1 33.0 636.1 

15 392.5 329.1 -65.2 31.9 631.2 

Ca1Ca2
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16 183.5 385.4 -140.3 51.7 620.9 

17 236.5 384.3 -121.8 51.8 627.5

18 288.6 383.0 -103.0 51.6 631.6 

19 340.7 382.6 -83.9 50.6 622.2 

20 393.3 381.2 -64.9 50.7 629.8 

The experimental results are also shown in Fig. 3 to display 

visibly. Fig. 3(1) shows the 3D coordinates of the corners 

on the plane of chessboard. Fig. 3(2) shows the coordinates 
in XOY plane of the corners. Fig. 3(3) and Fig. 3(4) are the 

measured lengths of the chessboard’s blocks in the hori-

zontal and vertical directions. Fig. 3(5) is the fitted plane of 
the measured corners. Fig. 3(6) gives the distances from 

the measured corners to the fitted plane. The corners’ actu-

al positions in the vision frame are not available to assess 
the measurement accuracy. As an alternative, the block 

length and the distance to fitted plane are employed to as-
sess the measurement accuracy. The block length is related 

to the errors in 3D positions and the distance to the fitted 

plane refers to the error distribution in the coordinate z.
The actual block length, that is, the distance between adja-

cent corners, is 20 mm. The maximum and minimum 
measured horizontal block lengths with the proposed 

method were 21.7 mm and 19.2 mm. The maximum and 

minimum measured vertical block lengths with the pro-
posed method were 24.0 mm and 18.7 mm. Both the aver-

ages of blocks’ horizontal and vertical lengths were 20.1 

mm. The maximum distance from the measured corners to 
the fitted plane with the proposed method was 8.0 mm. It 

should be noticed that the coordinate z was from 616 mm 
to 629 mm, as listed in Table 1. The variation of the rela-

tive error �z/z is less than 1.30%. The relative error �x/z is 

less than 0.28% and �y/z is less than 1.14%. It can be con-
cluded that the 3D measurement accuracy with the pro-

posed method for monocular vision system is acceptable. 

The acceptable accuracy benefits from the high accuracy in 
motion increment. It can be found that the experimental 

results coincide with the conclusion of error analysis.  
Both the error analysis and experimental results confirm 

that the high accuracy in motion increment is very helpful 

for the monocular vision system to improve its 3D measure-

ment accuracy.

(1) 

(2) 

(3) 

(4) 

(5) 
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(6) 

Fig. 3 Measurement results with the monocular vision system, (1) 3D 

coordinates, (2) coordinates in XOY plane, (3) block’s horizontal 

length, (4) block’s vertical length, (5) fitted plane with corners, (6) 

distance from the measured corners to the fitted plane. 

6 Conclusion 

The main contribution of this work is the developed new 

measurement method for the monocular vision system with 

one yawing camera. The depth of feature point is computed 

from the variation of image coordinate and the motion incre-

ment of the camera. Then the feature point’s X- and Y- coor-

dinates in Cartesian space are calculated with the depth and 

the normalized imaging coordinates. The error analysis indi-

cates that the motion increment error is always the main error 
source. The 3D measurement will have large error when 

ui-u0 is small or zci is large in the typical case of front view 

where � =0�. The measurement error is not sensitive to the 
image area of object in the typical case of side view where 

� =90�. Experimental results verify the effectiveness of the 

proposed measurement method for the monocular vision sys-

tem with a yawing camera. 

Reference 

[1] M.-H. Chiang, H.-T. Lin, C.-L. Hou, Development of a stereo 

vision measurement system for a 3D three-axial pneumatic par-

allel mechanism robot arm, Sensors, vol. 11, no. 2, pp. 

2257-2281, 2011. 

[2] T. Xue, L. Qu, B. Wu, Matching and 3-D reconstruction of 

multibubbles based on virtual stereo vision, IEEE Transactions 

on Instrumentation and Measurement, vol. 63, no. 6, pp. 

1639-1647, 2014. 

[3] S Hu, Y Matsumoto, T Takaki, et al., Monocular stereo meas-

urement using high-speed catadioptric tracking, Sensors, vol. 17, 

no. 8, pp. (1839) 1-29, 2017. 

[4] L. Yu, B. Pan, Single-camera stereo-digital image correlation 

with a four-mirror adapter: optimized design and validation, 

Optics and Lasers in Engineering, vol. 87, pp. 120-128, 2016. 

[5] R. G. Lins, S. N. Givigi, P. R. Gardel Kurka, Vision-based meas-

urement for localization of objects in 3-D for robotic applica-

tions, IEEE Transactions on Instrumentation and Measurement,

vol. 64, no. 11, pp. 2950-2958, 2015 

[6] C. F. Olson, H. Abi-Rached, Wide-baseline stereo vision for 

terrain mapping, Machine Vision and Applications, vol. 21, no. 

5, pp. 713-725, 2010. 

[7] D. Xu, Y. F. Li, M. Tan, A general recursive linear method and 

unique solution pattern design for the perspective-n-point prob-

lem, Image and Vision Computing, vol. 26, no. 6, pp. 740-750, 

2008. 

[8] G. Chen, D. Xu, P. Yang, High precision pose measurement for 

humanoid robot based on PnP and OI algorithms, 2010 IEEE 

International Conference on Robotics and Biomimetics, Tianjin, 

China, 2010, pp. 620-624. 

[9] S. Sun, Y. Yin, X. Wang, et al., Robust landmark detection and 

position measurement based on monocular vision for autono-

mous aerial refueling of UAVs, IEEE Transactions on Cyber-

netics, vol. 49, no. 12, pp. 4167-4179, 2019. 

[10] A. Saxena, M. Sun, A. Ng, Make3D: Learning 3D scene struc-

ture from a single still image, IEEE Transactions on Pattern 

Analysis and Machine Intelligence, vol. 31, no. 5, pp. 824-840, 

2009. 

[11] F. Liu, C. Shen, G. Lin, et al., Learning depth from single mo-

nocular images using deep convolutional neural fields, IEEE 

Transactions on Pattern Analysis and Machine Intelligence, vol. 

38, no. 10, pp. 2024-2039, 2016. 

[12] Z. Li, K. Wang, W. Zuo, et al., Detail-preserving and con-

tent-aware variational multi-view stereo reconstruction, IEEE 

Transactions on Image Processing, vol. 25, no. 2, pp. 864-877, 

2016. 

[13] D. Xu, L. Han, M. Tan, et al., Ceiling-based visual positioning 

for an indoor mobile robot with monocular vision, IEEE Trans-

actions on Industrial Electronics, vol. 56, no. 5, pp. 1617-1628, 

2009. 

[14] A. I. Comport, E. Marchand, M. Pressigout, F. Chaumette, Re-

al-time markerless tracking for augmented reality the virtual 

visual servoing framework, IEEE Transactions on Visualization 

and Computer Graphics, vol. 12, no. 4, pp. 615-628, 2006. 

[15] D. Xu, Y. F. Li, M. Tan, Y. Shen, A new active visual system 

for humanoid robots, IEEE Transactions on System, Man & 

Cybernetics—Part B: Cybernetics, vol. 38, no. 2, pp.320-330, 

2008.

[16] K. Sharma, I. Moon, S. G. Kim, Depth estimation of features in 

video frames with improved feature matching technique using 

Kinect sensor, Optical Engineering, vol. 51, no. 10, pp. 

(107002)1-11, 2012. 

[17] S. M. Olesen, S. Lyder, D. Kraft, et al, Real-time extraction of 

surface patches with associated uncertainties by means of Ki-

nect cameras, Journal of Real-Time Image Processing, vol. 10, 

no. 1, pp. 105-118, 2015 

[18] S. Zhang, C. Wang, S. C. Chan, A new high resolution depth 

map estimation system using Stereo vision and Kinect depth 

sensing, Journal of Signal Processing Systems for Signal Image 

and Video Technology, vol. 79, no. 1, pp. 19-31, 2015. 

[19] Williem, Y.-W. Ta, I. K. Park, Accurate and real-time depth 

video acquisition using Kinect-stereo camera fusion, Optical 

Engineering, vol. 53, no. 4, pp. (043119)1-9, 2014. 

[20] L. Chen, Y. Jia, M. Li, An FPGA-based RGBD imager, Ma-

chine Vision and Application, vol. 23, no. 3, pp. 513-525, 2012. 

[21] A. Teichman, J. T. Lussier, S. Thrun, Learning to segment and 

track in RGBD, IEEE Transactions on Automation Science and 

Engineering, vol. 10, no. 4, pp. 841-852, 2013. 

[22] O. S. Gedik, A. A. Alatan, 3-D rigid body tracking using vision 

and depth sensors, IEEE Transactions on Cybernetics, vol. 43, 

no. 5 SI, pp. 1395-1405, 2013 

[23] I. Ar, Y. S. Akgul, A computerized recognition system for the 

home-based physiotherapy exercises using an RGBD camera, 

IEEE Transactions on Neural Systems and rehabilitation Engi-

neering, vol. 22, no. 6, pp. 1160-1171, 2014. 

3638

Authorized licensed use limited to: INSTITUTE OF AUTOMATION CAS. Downloaded on November 14,2022 at 08:20:52 UTC from IEEE Xplore.  Restrictions apply. 


