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COMPUTER VISION SYSTEMS AND METHODS FOR REAL-TIME
LOCALIZATION OF NEEDLES IN ULTRASOUND IMAGES

SPECIFICATION
BACKGROUND
RELATED APPLICATIONS
[0001] This application claims the benefit of priority to United States Provisional

Patent Application Serial No. 62/718,090 filed on August 13, 2018, the entire disclosure of

which is hereby expressly incorporated by reference.

TECHNICAL FIELD

[0002] The present disclosure relates generally to the field of computer vision
technology. More specifically, the present disclosure relates to computer vision systems

and methods for real-time localization of needles in ultrasound images.

RELATED ART

[0003] Minimally invasive procedures such as rtegional anesthesia and
interventional oncology involve the insertion of a needle toward target anatomy. In
practice, image guidance is used to improve targeting accuracy. Of all imaging modules,
ultrasound imaging is ubiquitously used due to real-time, low-cost and radiation-free
capabilities. However, with conventional 2D ultrasounds, aligning the needle with the

ultrasound imaging plane at steep angles and deep insertions is difficult.

[0004] Real-time and accurate localization of hand-held needles is vital for the
success of percutaneous ultrasound guided interventions such as biopsies and regional
anesthesia. However, needle localization is a challenge when the needle shaft and tip are
not fully visible. This could arise from difficulty aligning the needle with the scan plane
and reflection of the ultrasound signal from the needle away from the transducer. The

ensuing targeting errors may reduce procedure efficacy.

[0005] A two-dimensional (2D) ultrasound is the standard imaging modality used
for guiding percutaneous interventions in clinics due to its real-time non-radiation-based
imaging functionality. In a normal work-flow, a radiologist advances the needle by hand

1
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and manipulates an ultrasound transducer, while concurrently observing needle motion vis-
a-vis body anatomy. Prior art systems for improving needle localization during these
procedures require the needle shaft and tip to have a high intensity, which is often not the
case. Moreover, many prior art solutions involve computationally expensive processing
routines. In addition, many of these solutions do not localize bending needles, which is a
necessary feature as needles need to bend around critical anatomical structures in some
procedures. Some prior art methods are not desirable because they involve
computationally complex processing for computing motion vectors and are sensitive to
noise and brightness variation. Moreover, prior art solutions cannot localize needles that

are not wholly visible.

[0006] Therefore, there is a need for computer vision systems and methods for real-
time localization of needles in ultrasound images, which is fast and accurate and can
localize needles which cannot be seen. These and other needs are addressed by the

computer vision systems and methods of the present disclosure.
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SUMMARY

[0007] Computer vision systems and methods for real-time localization of a needle
in an ultrasound video are provided. The method includes a step of receiving at a
processor a plurality of frames from the ultrasound video. The method also includes the
step of identifying by the processor one of the plurality of frames as a background image
and a frame adjacent to the background image as a current image. The method further
includes the step of performing by the processor a bitwise complement operation on the
background image to generate a complement image. Moreover, the method includes the
step of performing by the processor a pointwise logical AND operation on the complement

image and the current image to identify the location of the needle.

[0008] A system for real-time localization of a needle in an ultrasound video is
provided. The system includes a memory having computer instructions stored thereon,
which when executed, causes a processor to perform a number of steps. The first step
includes receiving a plurality of frames from the ultrasound video. The second step
includes identifying one of the plurality of frames as a background image and a frame
adjacent to the background image as a current image. The third step includes performing
by the processor a bitwise complement operation on the background image to generate a
complement image. The fourth step includes performing a pointwise logical AND
operation on the complement image and the current image to identify the location of the

needle.
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BRIEF DESCRIPTION OF THE DRAWINGS

[0009] The foregoing features of the invention will be apparent from the following
Detailed Description of the Invention, taken in connection with the accompanying

drawings, in which:

[0010] FIG. 1 is a flowchart illustrating processing steps for localizing a needle in

ultrasound images;

[0011] FIG. 2 is a flowchart illustrating processing steps for a performing needle

segmentation process of FIG. 1;

[0012] FIG. 3 is a flowchart illustrating processing steps for performing a needle

augmentation process of FIG. 1;

[0013] FIG. 4 shows needle localization results for consecutive frames from both

in-plane and out-of-plane insertion of a 17 gauge needle;

[0014] FIGS. 5A-5C show needle localization results for in-plane insertion of a 22

gauge needle;

[0015] FIG. 6 is a diagram illustrating hardware and software components capable

of implementing the systems and methods of the present disclosure;

[0016] FIG. 7 is a drawing illustrating a system of the present disclosure;

[0017] FIG. 8 is a block diagram illustrating another embodiment of the system and
method of the present disclosure, wherein a convolutional neural network localizes a

needle tip in ultrasound images;

[0018] FIG. 9 shows needle tip localization results for consecutive frames from in-

plane insertion of a 17 gauge needle and out-of-plane insertion of a 22 gauge needle;

[0019] FIG. 10 illustrates elimination by the system of false positives from a
trajectory estimation;
[0020] FIG. 11 is a block diagram illustrating another embodiment of the system

and method of the present disclosure, wherein a convolutional neural network localizes a
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needle tip in ultrasound images;
[0021] FIG. 12 illustrates needle tip enhancement results according to step 244 of
FIG. 11;
[0022] FIG. 13 is a block diagram illustrating a convolutional neural network

capable of performing needle tip classification according to process 226 of FIG. 11;

[0023] FIG. 14 shows needle tip labels for a needle tip classification neural

network and a needle tip regression convolutional neural network; and

[0024] FIG. 15 shows needle tip localization results for insertion of a 17 gauge

needle and insertion of a 22 gauge needle.
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DETAILED DESCRIPTION

[0025] The present disclosure relates to computer vision systems and methods for
real-time localization of needles in ultrasound images as described in detail below in

connection with FIGS. 1-15.

[0026] The systems and methods of the present disclosure provide solutions for
real-time and accurate localization of needles (even if they are invisible) in an ultrasound
scan. The systems and methods use a foreground detection algorithm for automatic needle
segmentation from consecutive ultrasound image frames. The needle tip is then localized
by solving a spatial total variation regularization problem using, for example, a Split
Bregman method. The systems and methods of the present disclosure are not limited to the
Split Bregman method as other regularization methods can be used on the data. For
example, deep learning and reinforcement learning can be performed on ultrasound
datasets to model the appearance of a needle tip in an ultrasound image thereby improving
needle tip detection and reducing irrelevant background noise. Also, Split Bregman can be
a general categorical formulation of the method, and other applications (e.g., noise model,
sub-problem derivation, and solution, parameter optimization) can be specific to the

moving device localization problem.

[0027] Although the systems and methods of the present disclosure provide for the
localization of a needle, the systems and methods are not limited to localizing needles. In
particular, the systems and methods can be used to localize any type of medical device or
surgical instrument, including, but not limited to, forceps, stainless steel rods with conical
tips, catheters, guidewires, radio frequency ablation electrodes, balloons (during
angioplasty/stenting procedures), or any other medical devices. Moreover, although the
systems and methods of the present disclosure provide for localization of any medical
device in an ultrasound video, any type of imaging modalities can be used. In particular,
the systems and methods of the present disclosure can localize any type of medical
instrument in any type of video format or file because the logical differencing approach

and Split Bregman method is compatible with any type of video.



WO 2020/036968 PCT/US2019/046364

[0028] The systems and methods of the present disclosure accomplish at least the
following goals. First, the systems and methods perform needle segmentation based on a
dynamic background model that can account for noise in an ultrasound. Second, the
systems and methods can apply the Split-Bregman approach in a unique way to solve a
spatial total variation (TV) problem for needle tip enhancement in 2D ultrasounds. Third,
the systems and methods can accurately localize a needle tip in a computationally fast way
with a high degree of accuracy. Fourth, the systems and methods can localize a needle for
in-plane and out-of-plane insertions without the need for full needle visibility. Fifth, the
systems and methods can localize bending needles since as there is no need for the needle
to appear as a linear feature in the ultrasound image. Sixth, the systems and methods can
be utilized in a smart computer assisted interventional system to facilitate needle

localization in the presence of artifacts from anatomical features and other instruments.

[0029] The methods and systems of the present disclosure can be used with hand-
held 2D ultrasound probes, during in-plane and out-of-plane needle insertion. For in-plane
insertion, the method can handle insertion angles greater than 400, but can also work with
shallower angles. The method detects scene changes caused by needle motion in the
ultrasound image scene. In each frame of the ultrasound sequence, the needle tip can be
treated as the foreground, while the rest of the image can be designated as background data.
The method does not require prior knowledge of the needle insertion side or angle. The
needle localization process includes two phases: 1) needle segmentation from logical
differencing of a dynamic reference ultrasound frame from the ultrasound frame of interest,

and 2) needle tip augmentation in the ultrasound image with the segmented needle.

[0030] In a dynamic background model, the background of each frame (k) is
modeled as the previous frame (k-1), based on logical differencing. The enhanced image is
based on a point-wise operator of the complement of the background and the image (what
is NOT in the k-1 frame but in the k-1 frame). This makes it possible to identify the objects
that have moved between the two frames: the needle tip. To ensure that movement actually
occurs between the two frames, the correlation coefficient of the background and current
frame is calculated. The image is only used for tip localization if the difference exceeds a

threshold.
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[0031] FIG. 1 is a flowchart illustrating processing steps 2 for localizing a needle
in an ultrasound video sequence. In step 4, the process performs needle segmentation,
which will be explained in greater detail below. In step 6, the process performs needle

augmentation which will be explained in greater detail below.

[0032] FIG. 2 is a flowchart illustrating processing steps 4 for performing needle
segmentation as discussed in connection with FIG. 1. Consider an ultrasound frame
sequence with temporal continuity, represented by the function p(x, y, t), where t denotes
the position in the time sequence and (x, y) are the spatial coordinates. The process 4 uses
a dynamic background model which quickly adapts to changes in the ultrasound scene by
employing a logical differencing approach for adjacent frames. In step 8, for the first
frame, the background can be denoted as: b(x, y, ty) = p(X, V, to), and for all subsequent
frames, the background is modeled as the previous frame in the sequence (which can be
written as b(x, y, th) = p(X, ¥, tn-1)). In step 10, the method can then calculate the bitwise
complement of the background image. Considering only spatial variation, for b(x, y) = (x,
y) | b(x, y) # 0, the complement is b (x, y) = (x, y) € Z* | (x, y) € b(x, y). In step 12, the
method can ensure that the background and the current frame are different. In step 14, for

any current frame p(x, y), the needle enhanced image equation is given by:
e il e BT R S
gl y) = b°(x. y) A pix, y)
Equation 1

where ~ denotes a point-wise AND logical operation. The needle enhancement equation
yields only the objects in the ultrasound that moved between two successive frames, and
thus gives an enhanced current needle tip location. The method can account for concurrent
tissue movement surrounding the needle tip by taking into account collocated motion of
the tissue and tip to be more significant than any other motion. Depending on the needle
visibility profile, q(x, y) can also contain an enhanced shaft. Since a short interval exists
between successive frames, the method can minimize the effect of intensity changes in the
rest of the ultrasound image, which leads to stable needle detection. In some cases,
insignificant changes in needle motion will lead to an all zeros q(x, y). This is expected
since in typical ultrasound imaging (greater than 20 frames per second), the needle tip will

not be at a different location in each frame, even with continuous motion. Before applying
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the needle enhancement equation, the method can ensure that b(x, y), the background, and
p(x, y), the current frame, are different (as discussed with regard to step 12). Accordingly,
the method can calculate the correlation coefficient, p, between the two images, and
increment to the next frame while maintaining the current frame position if p exceeds a

predetermined threshold.

[0033] The output of the needle enhancement equation in step 14 of FIG. 2, 1(x, y),
can also contain artifacts that do not belong to the needle. This is expected due to
brightness variations in the ultrasound images, and the motion of tissues/organs that do not
correspond to needle tip motion. Accordingly, the method of the present disclosure can
enhance the output r(x, y) such that the needle tip distinctively has the highest appearance.
This can be thought of as an image restoration (de-noising) problem. The method can
formulate a model as follows: r(x, y) = e(x, y) + n(x, y). This model can represent a sum
of two components: the desired needle enhanced image e(x, y) and unwanted artifacts
(noise), n(x, y). The desired needle enhanced component e(x, y) can be a function of
bounded variation. Moreover, the images can be represented by vectors. The image

restoration model becomes:

r=e+n
Equation 2

where e € R ™*'is the desired enhanced image (of size m x n), 7 € R ™* ! is the corrupted

mnx 1

image, while n € R is the noise. In this notation, r, e, and r are vectors containing all
the pixel values in the respective image matrices in lexicographic order. The vector r can
represent stochastic or deterministic noise. Since pixels in the segmented image have
spurious detail and possibly high total variation, the method can formulate a total variation
regularization problem in the following form:

- . k 2

min = [lr—eli+]e
s g b & R

Ty 5

{

Equation 3

where A is a regularization parameter and | |e| |TV: | |Dxe| | 1+ | |Dye | | 1 1s the

anisotropic total variation norm, defined by Dy and Dy, which are the spatial first-order
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forward finite difference operators along the horizontal and vertical directions respectively.
The equation representing the total variation problem above can be a constrained
formulation of a non-differentiable optimization problem. This problem can be efficiently
solved with the Split Bregman approach, in which the main problem is reduced to a
sequence of unconstrained optimization problems and variable updates. We first transform
the equation representing the total variation problem into a constrained equivalent problem

by introducing intermediate variables v and w, in the following equation:

5 \ R ST g ) Yo 5
min —lr—efs+ vl +lwlh
o, e 27 ‘ : &
subject to = [, e

W = -Dy.e
Equation 4

The method can then weakly enforce the constraints in the above equation by introducing

quadratic penalties, and strictly enforce the constraints by applying the Bregman iteration

as follows:
: A 2 i i ke ge ¥ i2
min o= E P g “2 -+ tE v §|1 -+ Ei w i,1 += Ei - D;;;ﬁ’.’* bl 512 "§‘T { W Dye"‘ b?‘ E%gg
vase 2 2 2

Equation 5

where v is an additional regularization parameter, and the values of by and b, are
determined through Bregman iteration. Now a series of three sub-problems can be written

as the following equations:

ER3 i
[

TR

Equation 7
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7

s
. A . Ty N
{ . HE s 3§
‘5 R & ..‘.,‘}:}i{:&‘ RN g}i §§,} e \§

X

wmin
[

Equation 8

Equations 6 and 7 can decouple over space and can have closed-form solutions as vectorial

shrinkages given by the following equations:

o e 5 - T
w o= sign{dde + b} xomar{[Dye - byl — = )

Equation 9

From the third sub-problem equation 8 above, the following equation can be derived:

elM —v{DID, + D] D} = M +vD] (v —by)+vD] (w — by)

Equation 10

Equation 10 can be solved using an iterative least squares solver by initializing by and b, to
zero and updating these variables after each Bregman iteration: b1i+1 = bli + Dye-v, bzi“

=b' + Dye—w.

[0034] FIG. 3 is a flowchart illustrating the process 6 for needle augmentation as
discussed above in connection with FIG. 1, in greater detail. The process 6 can be
implemented in accordance with the above equations and disclosure discussed above in
connection with performing needle enhancement. In step 16, the method can input data r
and parameters 2 and v. In step 18, the method can initialize the following variables: e=r,
v=0, w=0, b; = 0, bp=0. In step 20, the method can compute Dy and Dy in accordance with
the above equations. In step 22, the method can make a determination as to whether
| |eCurr - eprevl |2 !/ epey is greater than the Tol variable (a threshold). If a positive
determination is made, the method can proceed to step 24 in which v sub-problem, the w
sub-problem and the e sub-problem are solved, and b; and b, are updated. If a negative

determination is made in step 22, the method ends.
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[0035] Data acquisition and experimental validation will now be explained in
greater detail. 2D B-mode ultrasound data was collected using two imaging systems:
SonixGPS (Analogic Corporation, Peabody, MA, USA) with a hand-held C5-2/60
curvilinear probe, and 2D hand-held wireless ultrasound (Clarius C3, Clarius Mobile
Health Corporation, Burnaby, British Columbia, Canada). Experiments were performed on
a freshly excised bovine tissue, and a porcine shoulder phantom, with insertion of a 17
gauge (1.5 mm diameter, 90 mm length) Tuohy epidural needle (Arrow International,
Reading, PA, USA) and a 22 gauge (0.7 mm diameter, 90mm length) spinal Quincke-type
needle (Becton, Dickinson and Company, Franklin Lakes, NJ, USA). In-plane insertion
was performed at 40°-70° and the needle was inserted up a depth of 70 mm. 30 (15 in-
plane, 15 out-of-plane) sequences of ultrasound images, each containing more than 100

frames were collected.

[0036] The method of the present disclosure was implemented in MATLAB 2017b
on a 3.6 GHz Intel(R) CoreTM i7 CPU, 16 GB RAM Windows personal computer. The
present disclosure is not limited to this personal computer but it can be a good choice when
the sub-problems of the method discussed above converge quickly and are numerically
well conditioned. The variable v can, in some cases, be neither be too large or too small.
As an example only, v = 2 can be a good value, but in some cases, the de-noising output
may not be sensitive to that specific value. The parameter A can affect the balance between
removing noise and preserving image content. Although, in some cases, it is preferable to
use a value that matches the variance of the noise, the noise characteristics of r(x, y) are
unknown. Accordingly, a value of 2= 5 can be used. In some cases, the threshold of the
correlation coefficient for skipping a frame due to insignificant motion can be 1. A value
of p > 0.995 was feasible for most of the ultrasound data. Throughout the validation
experiments, these values were not changed. Performance of the method was evaluated by
comparing the automatically detected tip location to the ground truth determined by an
expert sonographer. Tip localization accuracy was determined from the Euclidean distance

between the two measurements.

[0037] The results and analysis will now be explained in greater detail. With

regard to quantitative results, the method is computationally efficient, and achieves
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convergence in less than 10 iterations, with Tol = | |eCurr - eprevl |2 ! €prev 18 less than or
equal to 10°. However, to save computational cost, the enhancement algorithm was run
for only 3 iterations (0.06s), and achieves sufficient tip enhancement. The total
computation time is 0.08s for each ultrasound frame: 0.01s for segmentation and 0.06s for
enhancement and localization. This represents a substantial improvement in simplifying
computational complexity of the needle localization problem. Error statistics for in-plane
and out-of-plane needle insertion are shown in Table 1 below. Table 1 shows mean error
with a 95% confidence interval. The term “RMS” means Root Mean Square. The term
“SD” means Standard Deviation. All values shown in Table 1 are in mm. In some cases,
localization for in-plane insertions can be more accurate than that for in-plane insertions.

The overall tip localization is 0.50 + 0.02 mm.

Needle insertionNwwber of images|  Mean | 50 |[RMS Maximuom
fneplane B30 048 £ 0821027 0.54 | 095
Outepdplans. 380 Q.50 20031029 483 | 120
Overall | 1031 G505 0.0200.28 058 | 12
Table 1
[0038] With regard to qualitative results, FIG. 4 shows needle localization results

for consecutive frames from both in-plane and out-of-plane insertion of a 17 gauge needle.
In both cases, the needle tip is accurately localized. For out-of-plane needles, the temporal
window for needle tip visibility is limited, but the present method can account for this
limitation by tracking small perturbations of the needle tip close to the target. As can be
seen in FIG. 4, needle localization in 3 consecutive frames is shown with rows (A)
illustrating in-plane insertion and rows (B) illustrating out-of-plane insertion of the 17
gauge needle. Column (a) illustrates an original image showing an annotated expert-
localized tip. Column (b) illustrates a needle enhanced image, e(x, y) (color coded), in
which the rectangle surrounds the localized tip. Column (c) illustrates a zoomed in region
of interest from column (b) containing the needle tip, and which also shows a colorbar for
illustrating where the tip has the highest intensity in the image. Column (d) illustrates the
automatically localized tip (shown as red dot) overlaid on the original image. As can be
seen, the present method achieves accurate localization for both in-plane and out-of-plane

needles.
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[0039] FIGS. 5A-5C show needle localization results for in-plane insertion of a 22
gauge needle. Note that in the unaltered image, the needle tip and shaft are inconspicuous
because this needle is thinner, and as a result, it reflects less of an ultrasound signal back to
the transducer. Despite these challenges, the present method accurately localizes the tip.
FIG. 5A shows an original image in which the annotated region contains the needle
trajectory. As can be seen, the tip location is difficult to discern by the expert. FIG. 5B
shows a needle enhanced image, e(X, y) (color coded) in which a rectangle surrounds the
localized tip (the highest intensity in the image). FIG. 5C shows the automatically

localized tip (red dot) overlaid on original image.

[0040] The method of the present disclosure provides a novel approach for needle
tip localization in 2D ultrasounds suitable for challenging imaging scenarios in which the
needle is not continuously visible. The present method provides for the reduction of
computational complexity, leading to a processing rate of 12 fps. The present method does
not necessitate the needle to appear as a high intensity, continuous linear structure in the
ultrasound image. Therefore, both in-plane and out-of-plane needle localization are
achieved. A thin 22 gauge needle was used in the experiments to demonstrate the
robustness of the present method to localize partially invisible and curved needles.
Typically, such thin needles are prone to bending and the shaft has limited visibility, but

this problem did not affect the accuracy of tip localization of the present method.

[0041] The method can be applied with the needle already in motion so that
subsequent dynamics induce detectable scene changes for the algorithm to compute. The
method can also overcome issues of probe re-alignment which might cause abrupt intensity
changes unrelated to needle movement. Despite all of the above-mentioned issues, the

present method provides a real-time method for needle localization in ultrasounds.

[0042] FIG. 6 is a diagram showing a hardware and software components of a
computer system 50 on which the system of the present disclosure can be implemented.
The computer system 50 can include a storage device 52, computer vision software code

54, a network interface 56, a communications bus 58, a central processing unit (CPU)
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(microprocessor) 60, a random access memory (RAM) 62, and one or more input devices
64, such as a keyboard, mouse, etc. The computer system 50 could also include a display
(e.g., liquid crystal display (LCD), cathode ray tube (CRT), etc.). The storage device 52
could comprise any suitable, computer-readable storage medium such as disk, non-volatile
memory (e.g., read-only memory (ROM), erasable programmable ROM (EPROM),
electrically-erasable programmable ROM (EEPROM), flash memory, field-programmable
gate array (FPGA), etc.). The computer system 50 could be a networked computer system,
a personal computer, a server, a smart phone, tablet computer etc. It is noted that the
computer system 50 need not be a networked server, and indeed, could be a stand-alone

computer system.

[0043] FIG. 7 is a drawing illustrating a system 100 of the present disclosure. The
system can include an ultrasound device 101 including an ultrasound receiver 102 and an
ultrasound base 104. The ultrasound receiver 102 is a device which can be used by a
medical professional for placement on a patient to generate ultrasonic waves and receive a
signal for generation of an ultrasonic video/image at the ultrasound base 104. The
ultrasound device 101 can transmit data of the ultrasound video over the Internet 106 to a
computer system 108 for localizing a medical device in an ultrasound video via a computer
vision processing engine 110. It should be noted that the processing engine 110 can be
located at the ultrasound base 104 obviating the need for the ultrasound device 101 to send

data over the Internet 106 to a remote computer system.

[0044] FIG. 8 is a block diagram illustrating another embodiment of the systems
and methods of the present disclosure, wherein a convolutional neural network (CNN)
localizes a needle tip in ultrasound images. As discussed above, the systems and methods
of the present disclosure provide for a needle tip enhanced image e(x, y) in which the

needle tip exhibits a high intensity.

[0045] It is noted that the needle tip may not always exhibit the highest intensity in
the needle tip enhanced image e(Xx, y) because of needle actuation speed and noise

interference. For example, generally, the needle tip will not move in each ultrasound
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frame because the speed of needle actuation may not match the ultrasound frame rate or
the operator may intermittently stop moving the needle. As such, it is necessary to identify
frames in which significant motion has not occurred. In addition, despite the above
discussed needle enhancement process, high-intensity interfering artifacts not associated
with needle motion could be present. Accordingly, a deep learning framework (e.g., a

CNN) can be utilized for efficient needle tip detection.

[0046] FIG. 8 illustrates the CNN architecture and is built based on You Only
Look Once (YOLO) real time object detection. YOLO is a state of the art single-shot
object detection CNN architecture. The framework outputs two-dimensional bounding box
predictions consisting of five components: x, y, w, h and 7, where (x, y) coordinates
represent the center of the bounding box, w and A are the width and the height of the
bounding box, respectively, and 1 is the confidence value that the bounding box contains
an object and that the object is the needle tip. As shown in FIG. 8, the CNN consists of B-
mode ultrasound data 202, enhanced needle image 204, 256 x 256 fused image input layer
206, a convolution + exponential linear unit (ELU) + max pooling layer 208, a convolution
+ ELU layer 210 and a convolution layer 212. The CNN is configured to yield a

confidence score 214 indicative of needle tip classification and localization accuracy.

[0047] The CNN utilizes eight convolutional layers to further reduce computational
complexity toward real-time performance, but of course, other numbers of layers could be
utilized. The 256 x 256 fused image input layer 206 is a pixel-level fusion layer in which
the current ultrasound image p(x, y) (obtained from the B-mode ultrasound data 202) and
its tip enhanced needle image 204 counterpart e(x, y) are concatenated before being input
to the CNN. Since the needle tip is a fine-grained feature, the convolution layers are
configured to maintain spatial dimensions of the respective inputs, thus mitigating
reduction in resolution. It is noted that CNN neurons at deeper layers may have large
receptive fields that can ensure incorporation of image level context pertinent to needle tip

appearance.

[0048] Uniquely, each of the first seven convolution layers is followed by an
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Exponential Linear Unit (ELU) activation layer, with a = 0.5. The ELU provides for
activations close to zero mean and unit variance to converge toward zero mean and unit
variance even under the presence of noise and perturbations. The first five convolutions
layers are followed by a 2 x 2 max pooling layer with a stride of 2. The CNN model is
malleable to any input size and provides for two advantages. First, needle tip features will
be learned end to end, thus eliminating the need to explicitly encode them. Second, it is
expected that frames where no needle tip has moved will exhibit no detectable features,

while the learned CNN model will accurately extract the tip when it is present.

[0049] The CNN model can be initialized with weights derived from training on
the PASCAL Visual Optic Classes (VOC) dataset. The ground-truth bounding box labels
can be defined utilizing an electromagnetic (EM) tracking system and a radiologist
experienced in interventional radiology. The ground-truth top location becomes the center
of the bounding box (x, y) and the thickness w x 4 is chosen to be at most 20 x 20 pixels in
all images. It is noted that the CNN model can utilize varying learning rates, batch sizes,
training durations and optimizers. For example, the CNN model of FIG. 8 utilizes an
initial learning rate of 10, a batch size of 4, a training duration of 60 epochs and an Adam

optimizer.

[0050] Data acquisition and experimental validation of the CNN model of the
present disclosure will now be discussed. To train and evaluate the CNN model, a dataset
of two-dimensional B-mode ultrasound images was collected using materials and settings

specified in Table 2.
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Inaghoy systom Meedle type. dimensions and ingertion profile #of videoy Pixclsize fmm)

Bewiae ssue

SanixGPS 1705 SonixGPS (1.8 ndmy Thmmy, 1P | &7
176 Tuoky 41,5 mmy, 70 rom), [P 16 .17
176G Tuohy (1.5 aun, 70 mmm), OP 3 917
22G BD (0.7 num, 90 mm), 1P 3 {117
220 8D ALY min, 90 mm, OF 7 17

Porcine tissue ow spine phagtom

Clarius C3 176G RoamGPS (L5 mom, 70 ), 1P 5 .24
76 Tuchy {18 mm, 70 ), 1P 5 (.24
226 8D T, 90 mm ) 1P 3 €24
223G B (0.7 mm, 90 nny, OF & .24

IF in-plane insertion, QP out-of-plane insertion

Table 2

Specifically, two imaging systems including the SonixGPS (Analogic Corporation,
Peabody, MA, USA) with a handheld C5-2/60 curvilinear probe and the Clarius C3 two-
dimensional handheld wireless ultrasound (Clarius C3, Clarius Mobile Health Corporation,
Burnaby, BC, Canada) were used. In addition, experiments were performed on freshly
excised bovine tissue, a porcine shoulder phantom and chicken breast, with insertion of a
17 gauge (1.5 mm diameter, 90 mm length) Tuohy epidural needle (Arrow International,
Reading, PA, USA), a 17 gauge SonixGPS vascular access needle (Analogic Corporation,
Peabody, MA, USA) and a 22 gauge spinal Quincke-type needle (Becton, Dickinson and
Company, Franklin Lakes, NJ, USA). During experimentation, the probe was handheld.
Small amplitude perturbations not associated with needle motion were simulated by
manually pressing the probe against the imaging medium and rotating it slightly about its
longitudinal axis. Further, the chicken breast was overlaid on a lumbosacral spine model
and immersed in a water bath during needle insertion to simulate fluid motion in the
imaging medium. Ground-truth needle tip localization data using an EM tracking system
(Ascension Technology Corporation, Shelburne, VT, USA) was collected with the
SonixGPS needle. Specifically, in-plane insertion was performed at 40°-70°, and the
needle was inserted up a depth of 70 mm. Fifty (35 in-plane, 15 out-of-plane) sequences

of ultrasound images, each containing more than 400 frames, were collected.
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[0051] Performance of the CNN model was evaluated by comparing the
automatically detected needle tip location (i.e., the center of the detected bounding box) to
the ground-truth determined from the EM tracking system for data collected with the
SonixGPS needle. For data collected with needles without tracking capability, the ground-
truth was determined by a radiologist. The ground-truth needle tip location was
determined from intensity changes and tissue deformation (this is more difficult in the real-
time clinical setting) by retrospectively inspecting the frame sequences. To account for
large EM tracking errors (since the sensor does not reach the needle tip), the radiologist
performed manual labeling of the dataset obtained with the SonixGPS needle and
compared the EM data with the manual data. The EM system provides annotation on the
ultrasound frames which acts as a visual cue to the approximate needle tip location in
scenarios where the needle tip intensity is low. The radiologist used this information to
label the needle tip. If the difference in needle tip localization was 4 pixels (~0.7 mm) or
greater, the localizations were not included in the computation. Needle tip localization
accuracy was determined from the Euclidean distance between the ground-truth and the

localization from the CNN model.

[0052] The CNN model was implemented on an NVIDIA GeForce GTX 1060 6
GB GPU, 3.6 GHz Intel(R) Core™ i7 16 GB CPU Windows PC. The needle tip
enhancement and augmentation methods were implemented in MATLAB 2018a. For the
sub-problems in equations 9 and 10, the optimum values of v =2 and A = 5 were
empirically determined. These values remained constant throughout the validation
experiments. The needle tip detection framework was implemented in Keras 2.2.4 (on the
Tensorflow 1.1.2 backend). In total, 5000 images from 20 video sequences were utilized
for training the CNN model, while 1000 images from 10 other video sequences were used
for validation. Additionally, 700 images from 20 video sequences that were not utilized in
training or validation were utilized for testing the CNN model. The images were selected

from continuous sequences having needle motion.

[0053] FIG. 9 illustrates needle tip localization results for consecutive frames from
in-plane insertion of a 17 gauge needle and out-of-plane insertion of a 22 gauge needle.

Specifically, FIG. 9 illustrates needle tip detection and localization in four consecutive
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frames with (A) in-plane insertion of the 17 gauge Sonix GPS needle into chicken breast
and (B) out-of-plane insertion of the 22 gauge needle into the porcine shoulder phantom.
(D illustrates the original image. The white box denotes the annotated ground-truth label.
The ground-truth label can be determined with an EM tracking system for (A) and an
expert sonographer for (B). (I) illustrates a detection result with a white bounding box
overlaid on the enhanced image e(x, y). The inset value positioned alongside the white
bounding box annotation denotes the detection confidence. (III) illustrates the localized
needle tip wherein the center of the detected bounding box (e.g., the star) is overlaid on the

original image.

[0054] It is noted that the needle tip is accurately localized despite the presence of
other high-intensity interfering artifacts in the B-mode ultrasound data 202. If there is a
point cloud arising from partial enhancement of the needle shaft, the CNN learns to
automatically identify the needle tip at the distal end of the cloud in the enhanced image
e(x, y). The temporal window for the needle tip visibility can be limited for out-of-plane
insertion. However, the method of the present disclosure can be useful for tracking small
movements of the needle tip close to the target. Additionally, the method of the present
disclosure is agnostic to the needle type and the needle size utilized if the needle tip
appears in the enhanced ultrasound image and needle motion is available in the B-mode
ultrasound data 202. Increasing the training data size for each needle type can improve the

performance of the systems and methods of the present disclosure.

[0055] CNN model comparisons provide for maximizing needle tip detection
efficiency. For example, ablation studies alter the structural configuration of a deep
learning framework to assess the impact on CNN model performance and are utilized to
justify design choices. As such, the efficiency of the needle tip detection CNN framework
was compared to that from alternative implementation approaches. The accuracy of needle
tip detection can be determined using the mean average precision (mAP) metric on the
validation dataset. The mAP metric is calculated as the average value of the precision
across a set of 11 equally spaced recall levels, yielding one value that depicts the shape of
the precision-recall curve. Table 3 shows the mAP metric for different configurations of

the detection CNN. As shown in Table 3, the Detection CNN (with ELU) + p(x, y) + e(Xx,
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y) (in bold) of the present disclosure yields the highest mAP metric compared to

alternative detection CNN frameworks.

Method AP
Q;ztectiml ONNw plx 3 4.202
Dtectivor NN gle v .867
Drtection ONNOwith leakyBeL )+ ple b elx, 9 daid
Dietection ONN (with ELUY+ pleiv) +elx.¥) 8.946
Table 3
[0056] Evaluation of the detection CNN frameworks will now be discussed. First,

the performance of the CNN with the raw ultrasound image p(x, y) as an input was
examined. The detection efficiency of the CNN with the raw ultrasound image p(x, y) as
an input is very low (20.2%) because, without the needle tip enhancement algorithm, the
needle tip features are not clearly discernible and are overshadowed by other high intensity
artifacts in the cluttered ultrasound image. The detection efficiency of the CNN with the
enhanced image e(x, y) as the input yields a high mAP metric of 86.7% thereby
demonstrating that the needle tip enhancement algorithm is efficient. Furthermore, the

fusion of e(x, y) and p(x, y) yields the highest mAP metric of 94.6%.

[0057] The performance of the detection CNN model of the present disclosure was
also compared against a similar model with Leaky Rectified Linear Unit (LeakyReLU)
activation layers instead of an ELU wherein the fusion input 206 and other hyper
parameters were maintained constant. As shown in Table 3, the detection CNN model
with ELU of the present disclosure outperforms the detection CNN model with Leaky
ReLU. Itis noted that a batch size of 4 was utilized in the evaluation of the detection CNN
frameworks because of the memory constraints of the GPU. It is expected that a larger
batch size would have yielded an even higher mAP metric for the detection CNN model of

the present disclosure.

[0058] Runtime performance of the CNN framework of the present disclosure will

now be discussed. The CNN framework runs at 0.094 + 0.01 seconds per frame on the
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NVIDIA GeForce GTX 1060 GPU. Specifically, the CNN framework runs at 0.014
seconds per frame for enhancement, 0.06 seconds per frame for augmentation and 0.02
seconds per frame for detection. The runtime performance is approximately 10 frames per
second (fps) and thereby achieves a fast needle tip localization framework. It is noted that
the processing speed can be increased with additional computing resources. In frames
where the needle tip is salient, the augmentation step is unnecessary, and the runtime speed

increases to 29 {ps.

[0059] The accuracy of the CNN framework can be increased by mitigating false
needle tip detections. Since YOLO is a multi-object detection framework, YOLO can
detect several bounding boxes with different confidence scores on a single input image.
These false positives can be minimized by selecting the bounding box with the highest
confidence score and utilizing a hard threshold of 0.35 for the confidence score. The hard
threshold of 0.35 is an empirically determined value and is kept constant throughout
validation. With this threshold, the CNN framework can yield an overall sensitivity of
98% and specificity of 91.8%. It is noted that the robustness of needle tip detection can be

further improved by utilizing a bigger training dataset.

[0060] FIG. 10 illustrates elimination of needle tip localization false positives from
a trajectory estimation. As shown in FIG. 10, points A and B lie along the correct
trajectory whereas the bounding box with center F is a false positive. It is assumed that the
needle tip detection framework accurately localized two previous spatial positions A(X1, yi)
and B(x2, y») in successive frames that are at least 30 pixels (approximately 5 mm) apart.
From A and B, the needle trajectory a; = tan’ ( I(y2 - y1) / (x2 — x1)| ) is approximated.
Then, for each subsequent detection with a bounding box at F(x;, y1), the trajectory of
angle o, is estimated using points A and F with A as a static reference. If _lo; — anl > 10°,
the new detection is determined to be skewed from the correct trajectory and thus
indicative of a false positive. Accordingly, the localization result is not utilized in
calculating the localization error. During the localization process, false positives and true
negatives lead to maintenance of the current needle tip position. As such, the elimination
of need tip localization false positives from the trajectory estimation is robust to

spatiotemporal redundancies.
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[0061] Needle tip localization accuracy of the method of the present disclosure can
be evaluated in view of the needle tip localization error and the performance of comparable
methods. Overall, the needle tip localization error of the method of the present disclosure
is 0.72 £ 0.4 mm. A direct comparison with comparable methods is difficult because the
method of the present disclosure does not require initial needle visibility. Therefore, the
dataset collected for the method of the present disclosure is tailored for the evaluation of

the method of the present disclosure.

[0062] Table 4 shows the results of a comparison between the method of the
present disclosure and comparable methods. Specifically, Table 4 shows the results of the
method of the present disclosure with detection CNN, a method disclosed in white paper
“Convolution Neural Networks for Real-Time Needle Detection and Localization in 2D
Ultrasound” by Cosmas Mwikirize et al. (“method of [16]”), and a method utilizing the

Hough transform with the random sample consensus (RANSAC).

Mothod Sucvess (%) Lotalizativnertar Overall
{oym} processig
time {5
Propused method {with detection CNN) 1660 R72+ 084 L3%4
NMethod of | 18] 44 L2656 .36
Hough vansform + BANSAC {8 F R 33 {1774

Bold characters denote performance of the proposed niethed, which s the best whin compared 10 alterna-
tivemgthods

Table 4

[0063] The embodiments of the present disclosure utilizing CNNs for detection and
the method of [16] were compared by evaluating performance on the same set of 200
randomly selected ultrasound images with only in-plane needle insertion. It is noted that
the method of the present disclosure with CNN detection outperforms the method of [16]
in both needle tip localization accuracy and computational efficiency. Localization errors
of approximately 2 mm (i.e., 56% of the data) were discarded for the purpose of the
comparison. A one-tailed paired test shows that the difference between the localization
errors from the method of the present disclosure and the method of [16] is statistically
significant (p < 0.005). The localization accuracy obtained from the method of [16] is

worse than previously reported because a more challenging dynamic dataset with very low
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shaft intensity was utilized for validation.

[0064] The systems/methods of the present disclosure utilizing CNN for detection,
and the systems/methods utilizing the Hough transform and the RANSAC, were also
compared. Specifically, the systems/methods of the present disclosure utilizing CNN
detection were compared with an intensity-based method that directly localizes the needle
tip utilizing the Hough transform and the RANSAC. As shown in Table 4, the method
utilizing the Hough transform and the RANSAC achieved success in only 18% of the

dataset (neglecting errors > 2 mm), with an overall localization error of 1.2 + 0.32 mm.

[0065] Table 5 shows the determined needle localization from the maximum

intensity in e(x, y), (i.e., the method of the present disclosure without the tip detection step).

i._{ma}iimﬁ{m spprasch Creound truth #of irmages  Errorismy)
Proposed method {with detection CNN} Trscking system 250 0. 76 %003
Proposed brethod (with detection UNNY Expent 450 G.6% 1003
Proposed method (with detsciion ONNy{ovieally il BT+ 004
Highest intensity hrefx, 3} (without detection CNN) Tracking system 250 0.4+ 0.04
Highest tutensity ety vy {withoat detection ENN) Expert 458} 1A 4008
Highest Intonsity inely ) (without detection UNNYoverall) T80 L6044

Bold charcivrs denote portormance of the proposed migthod, Sehich is the best when compared foalisia-
five micthiods

Table 5

The results shown in Table 5 demonstrate that the localization accuracy is worse without
the detection CNN framework. As such, without the benefit of implicitly learning heuristic
features associated with the needle tip via deep learning, there is a higher likelihood of

localizing artifacts with similar intensity to the needle tip.

[0066] FIG. 11 is a block diagram 220 illustrating another embodiment of the
system and method of the present disclosure, wherein a convolutional neural network
localizes a needle tip in temporal ultrasound data. The framework accommodates

variations between images captured under different imaging scenarios and needle insertion
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profiles. The method of the present disclosure targets both out-of-plane and in-plane
inserted needles in which the needle tip exhibits low contrast compared to the rest of the

ultrasound image.

[0067] As shown in FIG. 11, the systems and methods of the present disclosure
consists of four processes based on input ultrasound frames Fy to F, 222. Specifically, the
processes include needle tip enhancement 224, needle tip classification 226, needle tip
location regression 228 and needle tip location 230. The needle tip enhancement process
224 comprises enhancement of the needle tip from two consecutive ultrasound frames.
The needle tip classification process 226 determines, using a classifier network, whether
the enhanced image contains substantial needle tip information. The needle tip
classification process 226 is necessary because the hand-inserted needle tip does not move
smoothly through space and as such frames will exist in the sequence where the needle tip
has not changed spatial location. The needle tip location regression process 228 estimates
the needle tip location using a keypoint regression CNN. These processes will be

described in detail below.

[0068] The two-dimensional B-mode ultrasound images utilized in the learning
experiments were collected using two imaging systems including the SonixGPS (Analogic
Corporation, Peabody, MA, USA) with a handheld C5-2/60 curvilinear probe and the
Clarius C3 two-dimensional handheld wireless ultrasound (Clarius C3, Clarius Mobile
Health Corporation, Burnaby, BC, Canada). In addition, experiments were performed on
freshly excised bovine tissue, porcine tissue and chicken breast overlaid on a lumbosacral
spine phantom, with insertion of a 17 gauge SonixGPS vascular access needle (Analogic
Corporation, Peabody, MA, USA) and a 22 gauge spinal Quincke-type needle (Becton,
Dickinson and Company, Franklin Lakes, NJ, USA).

[0069] The needles were inserted both in-plane (30° to 70° insertion angle) and out-

of-plane up to a depth of 70 mm. For the SonixGPS needle, tip localization data was
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collected from an EM tracking system (Ascension Technology Corporation, Shelburne, VT,
USA). During the experiments, minor motion events were simulated by exerting pressure
on the tissue with the probe and probe rotation. In total, 60 volumes were collected (30 in-
plane, 30 out-of-plane: 40 with Sonix GPS system and 20 with Clarius C3 system), with
each video sequence having more than 600 frames. In training and validating the needle
tip classifier, 7000 positive examples (enhanced images with the tip) and 5000 negative
examples (enhanced images without tip information) were utilized. Regarding needle tip
location regression, 7000 images (only positive examples) for training and validation were
utilized and 500 images from 20 sequences not used for training and validation were

utilized for testing.

[0070] In the needle tip enhancement process 224, the logical difference of
consecutive frames z(x, y) is computed from the ultrasound frame sequence Fo, F; ... Fiq,
F, 222 where the subscript denotes the respective temporal position and Fy is the first frame.
For a current frame n(x, y) and a previous frame m(x, y), z(X, y) can be calculated by
equation 11 below:

{ay) = m{x,y) A nle, y)

X

Equation 11

[0071] In equation 11, m“(x, y) is the bitwise complement of m(x, y), while A is the
bitwise AND logical operation. This logical differencing routine produces intensities 7+ [0,
255] representative of the difference between the two frames. Therefore, subtle motion
between the two frames will be captured. It is noted that the needle tip will provide the
most prominent feature in z(X, y). To compensate for irrelevant motion events, a 12 x 12
median filter is applied to z(x, y) and further tip augmentation is not performed. FIG. 12

shows the result of the tip enhancement process 224.

[0072] FIG. 13 is a block diagram illustrating a convolutional neural network 240
capable of performing processing steps for tip classification process 226 of FIG. 11. The
network consists of a needle tip enhanced image 242, 6 blocks of convolution, Rectified

Linear Unit (ReLU) activation layers, batch normalization and max pooling layers 244, 2
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blocks of convolution, ReLU and batch normalization layers 246, and 3 fully connected
layers 248. The input needle tip enhanced image 242 consists is a 256 x 256 image. All
convolution layers utilize a 3 x 3 kernel, and a stride/padding of 1 pixel. The max pooling

layers utilize a 2 x 2 kernel.

[0073] Positive and negative examples for the enhanced needle tip (see FIG. 14)
can be labeled by a radiologist experienced in interventional radiology while referring to
the corresponding original ultrasound sequences and EM tracking information for tracked
needles. In positive examples, the needle tip exists as a distinct high intensity feature, a
few pixels thick, against a low intensity background. This type of feature is lacking from
negative training examples. If other high intensity noisy artifacts exist, the classifier can
differentiate them from the needle. It is noted that the last feature map for the
classification task, from the last fully connected (FC) layer, is a vector of dimension 1 x 1
x 2, (i.e., it is meant to differentiate images of two classes: those with an enhanced needle
tip and those without it). A Softmax activation is applied to this feature map and the Log
Loss is utilized to calculate deviations between the network output and the ground-truth.
During training, a stochastic gradient descent with momentum (SGDM) optimizer, and

initial learning rate of 107 s utilized.

[0074] The architecture of the tip regression CNN mirrors the classification CNN
of FIG. 13, with the exception of terminating in a 4-output FC layer (the needle tip location
is defined by two keypoints). In essence, there is a cascade of two twin CNNs which share
all of the learned layers but differ only in the output. During training and testing, the
needle tip classification process 226 and the needle tip location regression process 228 are

run in series.

[0075] The input to the regression CNN is the needle tip enhanced image 242 and
the corresponding location labels. Keypoints for the needle tip are labeled as shown in
FIG. 14. Two keypoints on the needle tip are utilized (e.g., t,: (X1, y1), (X2, y2)). The
utilization of the two keypoints constrains the spatial likelihood of the needle tip since the

enhanced tip feature is not geometrically definable for labeling purposes. The keypoint
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labels are placed geometrically opposite along a line through the center of the enhanced

needle tip feature and the pixel at the distal end.

[0076] The enhanced images are augmented by rotating them through 90°, 180°
and 270°. The labels are computationally manipulated to match the rotated images. From
the original 7000 enhanced images, this yields 28,000 training examples. Further, the
labels are normalized to be in the range Q: [-1, 1]. Since the initial labels are in the range
[1,256], scaling reduces the magnitude of the Mean Squared Error (MSE), which is utilized
as the loss function metric, and the magnitude of the gradients. This quickens the training
process and ensures stable convergence. At test time, the outputs are rescaled to match the

original data.

[0077] The last feature map for the needle tip location regression process 228, from
the last FC layer, is a vector of dimension 1 x 1 x 4, containing the four coordinates of the
two labels: (x;, y1), (X2, y»). During training, the parameters include the RMSprop
optimizer, an initial learning rate of 10'3, and a mini batch size of 32. At test time, the top
location 7(x, yy) is directly obtained from the CNN outputs as the average of the x and y
outputs, i.e., X = (X1 + x2) / 2. yr = (y1 + y2) / 2. Since a region proposal step or anchor
boxes are unnecessary to tell the network where to look, the framework provides a single-

shot approach for needle tip localization.

[0078] The qualitative results of the method of the present disclosure will now be
discussed. FIG. 15 shows examples of needle tip enhancement and localization. It is
noted that the CNN framework accurately localizes the needle tip despite that the needle
tip has low contrast and the needle shaft information is not visible. This is because the
method of the present disclosure detects subtle intensity changes arising from needle tip
motion, that are otherwise not easily discernible with the naked eye. Further, localization

accuracy is generally resilient to high intensity artifacts in the rest image.

[0079] The classification accuracy of the method of the present disclosure will now

be discussed. The classification CNN achieves an overall sensitivity and specificity of
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88% and 82% respectively on test sequences. By comparison, the method disclosed in
white paper “Learning Needle Tip Localization from Digital Subtraction in 2D
Ultrasound” by Cosmas Mwikirize et al. (“Digital Subtraction Method™) achieved
sensitivity and specificity of 95% and 90% respectively.  Specifically, the Digital
Subtraction Method outperforms the method of the present disclosure in the presence of
increased motion artifacts in the imaging medium due to an included computationally
expensive step for noise removal. However, in relatively stable sequences, the
classification accuracy between the method of the present disclosure and the Digital
Subtraction Method was similar (98% vs 97%). Therefore, the method of the present
disclosure is suitable for procedures where there is minimal motion from physiological
events (e.g., lumbar facet injections and peripheral nerve blocks). It is noted that a larger
training dataset would improve the classification accuracy of the method of the present

disclosure even in the presence of motion artifacts.

[0080] The needle tip localization error of the method of the present disclosure will
now be discussed. The ground-truth needle tip location is determined from the original
ultrasound sequences by a radiologist, with augmentation from the EM tracking system.
Needle tip localization error is determined from the Euclidean Distance between the
automatically determined needle tip location from the method of the present disclosure and
the ground truth. Based on an evaluation for both in-plane (IP) and out-of-plane (OP)
needle insertions, the method of the present disclosure provides for an overall needle tip
localization error of 0.55 + 0.07 mm. Table 6 shows a comparative analysis between the
method of the present disclosure (i.e., proposed method) and other needle tip localization

methods.

Method Test data error {tnm)|Processing time {8) |[Sacvess rate

Proposed method|500(250 IP,250 OF)|0.55 = 0.07]  0.015 (67 fps) 4%

Method in [1] |B0G{250 IP,250 OP}0.78 £ .08 0.091 {11 fps) 97%

Method in [2] 250 (IP) 1.23 + 0.45 (.42 {2 fps} 52%

Table 6

[0081] As shown in Table 6, the proposed method outperforms the other methods

with a statistically significant improvement (p < 0.005). Since the method in [2] requires
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needle shaft information, 250 test images were utilized from the sequences with in-plane
needle insertion for its evaluation. For all methods, an error cap of 2 mm was imposed as a
measure of needle tip localization success. By dropping the worst 3% cases of the data
analyzed with the method in [1] in order to obtain a 94% success rate similar to the
proposed method, the localization error dropped to 0.73 + 0.07 mm which demonstrates
that the proposed method provides improved results (p < 0.005). Most of the failed cases
(6%) resulted from the top localization network regressing onto a false artifact in the
enhanced image. It is noted that performance in this regard can be improved with a larger

training dataset.

[0082] The systems and methods of the present disclosure provide for an
improvement in overall processing time. The experiments were executed on an NVIDIA
GeForce GTX 1060 6GB GPU, 3.6 GHz Intel (R) Core™ {7 16GB CPU Windows PC and
the method of the present disclosure was implemented in MATLAB 2018a using the Deep
Learning Toolbox. The learning framework is trained offline and tested with offline video
sequences of ultrasound data. Average processing time for the enhancement process is
0.002 seconds per image. Classification of the enhanced image can be an average of 0.007
seconds while needle tip localization requires 0.006 seconds. As such, the overall
processing time is 0.015 seconds (67 fps) which provides a 509% improvement, in fps,

over the method in [1].

[0083] Different CNN structures consisting of different numbers of convolution
and pooling layers were investigated for the regression component of the learning
framework. In addition, relative performance using the normalized Root Mean Square
Error (RMSE) on the validation dataset was evaluated. The method of the present
disclosure provides for a normalized RMSE of 0.006 which is better than that achieved by
the maximum network depth for the 256 x 256 image input consisting of 8 convolution
layers with pooling after each layer (0.014) and a network with only 6 convolutions (0.05).
In addition, the performance of different optimizers in the regression network was
compared. The following optimizers achieved the correspondingly indicated normalized
RMSE: RMSprop (0.006), Adam (0.05), and SGDM (0.14). It is noted that there was no

significant improvement in performance when using dropout layers in the regression
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network.

[0084] Having thus described the system and method in detail, it is to be
understood that the foregoing description is not intended to limit the spirit or scope thereof.
It will be understood that the embodiments of the present disclosure described herein are
merely exemplary and that a person skilled in the art can make any variations and
modification without departing from the spirit and scope of the disclosure. All such
variations and modifications, including those discussed above, are intended to be included

within the scope of the disclosure.
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CLAIMS
What is claimed is:
1. A method for real-time localization of a medical device in a video, comprising the

steps of:

receiving at a processor a plurality of frames from the video;

identifying by the processor one of the plurality of frames as a background image
and a frame adjacent to the background image as a current image;

performing by the processor a bitwise complement operation on the background
image to generate a complement image; and

performing by the processor a pointwise logical AND operation on the complement

image and the current image to identify the location of the medical device.

2. The method of Claim 1, further comprising the step of enhancing the medical

device using a Split Bregman process.

3. The method of Claim 1, wherein the medical device is a needle.

4. The method of Claim 3, wherein a tip of the needle is inserted in-plane.

5. The method of Claim 3, wherein a tip of the needle is inserted out-of-plane.

6. The method of Claim 3, wherein the needle’s insertion angle is not known.

7. The method of Claim 3, wherein the needle is non-linear.

8. The method of Claim 1, further comprising the step of setting a threshold

correlation coefficient for skipping a frame due to insignificant motion.

9. The method of Claim 1, wherein the video is an ultrasound video.
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10. A system for real-time localization of a medical device in a video, comprising:
a processor; and
a memory in communication with the processor, the memory having computer
instructions stored thereon which, when executed, cause the processor to perform the
following steps:
receiving a plurality of frames from the video;
identifying one of the plurality of frames as a background image and a
frame adjacent to the background image as a current image;
performing a bitwise complement operation on the background image to
generate a complement image; and
performing a pointwise logical AND operation on the complement image

and the current image to identify the location of the medical device.

11. The system of Claim 10, wherein the instructions further cause the processor to

enhance the medical device using a Split Bregman process.

12. The system of Claim 10, wherein the medical device is a needle.

13. The system of Claim 12, wherein a tip of the needle is inserted in-plane.

14. The system of Claim 12, wherein a tip of the needle is inserted out-of-plane.

15. The system of Claim 12, wherein the needle’s insertion angle is not known.

16. The system of Claim 12, wherein the needle is non-linear.

17. The system of Claim 10, wherein a threshold correlation coefficient is set for

skipping a frame due to insignificant motion.

18. The system of Claim 10, wherein the video is an ultrasound video.
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19. A non-transitory computer-readable medium having computer-readable instructions
stored thereon which, when executed by a computer system, cause the computer system to
perform the steps of:

receiving at a processor a plurality of frames from a video;

identifying by the processor one of the plurality of frames as a background image
and a frame adjacent to the background image as a current image;

performing by the processor a bitwise complement operation on the background
image to generate a complement image; and

performing by the processor a pointwise logical AND operation on the complement

image and the current image to identify the location of a medical device.

20. The non-transitory computer readable medium of Claim 19, further comprising the

step of enhancing the medical device using a Split Bregman process.

21. The non-transitory computer readable medium of Claim 19, wherein the medical

device is a needle.

22. The non-transitory computer readable medium of Claim 21, wherein a tip of the

needle is inserted in-plane.

23. The non-transitory computer readable medium of Claim 21, wherein a tip of the

needle is inserted out-of-plane.

24, The non-transitory computer readable medium of Claim 21, wherein the needle’s

insertion angle is not known.

25. The non-transitory computer readable medium of Claim 21, wherein the needle is
non-linear.
26. The non-transitory computer readable medium of Claim 19, further comprising the

step of setting a threshold a correlation coefficient for skipping a frame due to insignificant

motion.
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27. The method of Claim 1, further comprising the step of enhancing image data

representing the medical device using a convolution neural network.

28. The system of Claim 10, wherein the instructions further cause the processor to

enhance image data representing the medical device using a convolution neural network.

29. The non-transitory computer readable medium of Claim 19, further comprising the
step of enhancing image data representing the medical device using a convolution neural

network.
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