
Abstract: Six methods for endoscopic motion com-
pensation for laryngeal high-speed videoendoscopy
(HSV) are compared. Two of them are based on
tracking the maximum of the cross-correlation func-
tion of two images; two are based on minimization of
the L2–norm and L2-like distance between two ima-
ges; and the other two make use of the peak present
in the cross-power FFT-based spectrum of two
images. All six methods are applied to compensate
the motion, at the sub-pixel level, of the endoscopic
lens relative to the vocal folds in HSV recordings. The
new motion compensation methods based on FFT
cross-power spectrum demonstrated remarkable
computational speed and acceptable accuracy. While
accuracy was best for the L2-minimization techni-
ques, they were slower and had a limited motion-
tracking range.

I. INTRODUCTION

Sub-pixel compensation of endoscopic (camera lens)
motion in high-speed videoendoscopy (HSV) is an
imperative preprocessing operation making further
automatic evaluation of vocal fold movement possible
[1]. Endoscopic motion affects the time alignment of the
HSV image pixels, which makes it difficult to track the
dynamic characteristics of the laryngeal anatomic
structures (Fig.1). Successful applications of HSV
motion compensation (MC) techniques have been
recently reported in [1], where the MC method was
based on minimizing the L2-distortion of the smooth
time differential of HSV using convolution. The results
demonstrated that sub-pixel endoscopic MC is a valid,
reliable, and accurate technique with immediate
possibility of implementation in laryngeal HSV and that
the MC technique can be further optimized for speed and
performance. No other studies specifically addressing
MC of HSV have been published.

This study proposed, implemented and tested several
techniques, optimized for speed, as an alternative to [1].
Of particular interest is a new, and very fast, FFT-based
method [2-6], which allows the estimation of the spatial
shift of two similar images. The different versions of this
method are compared in [7].

The problem of endoscopic MC for HSV is complex
due to the dynamics of the vocal folds during phonation
(Fig.1). Laryngeal HSV is essentially different from any
other medical image because it registers the motion of an
organ that moves very fast (70-400 Hz), affecting
practically all connected tissues and creating motion

across the whole image. The motion of the connected
tissues contains a fast component, comparable in speed
with the vocal folds, but also slower components, some
of which are comparable with the speed of the
endoscopic motion (less than 15 Hz). No clear spatial
outlier can show the motion relative to the camera lens
located on the tip of the endoscope. Fortunately, the
endoscopic motion and the changes in the glottis during
phonation have different dynamics. This dynamic
difference is used to build the missing outlier by
computing the time differentials of the HSV image
sequence pixel by pixel [1].

Fig. 1. Open and closed phase of the vocal
folds in two different x-y positions.

Fig. 2. Smoothed time-differential images of
vocal folds in two different x-y positions.

In order to dynamically separate the fast vocal fold
movements from the slow camera lens motion it is
necessary to smooth the HSV. Smoothing of the time
differential of the HSV image (Fig.2) has been found to
be very effective when building the missing spatial
outlier for endoscopic motion tracking [1]. Larger
smoothing enhances MC when low-pitch or irregular
vocal fold vibrations are present, however it might limit
the responsiveness of the MC techniques to fast
endoscopic motion.
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II. METHODOLOGY

A. Motion Compensation Methods

Given that f1(x, y ) and f2(x, y) are two continuous
functions, in this case two images, where the second
function is a shifted in space version of the first one:
f2(x, y) = f1(x−x0, y-y0), we can find the displacement
{x0, y0} making use of one of the following methods.
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Fig. 3. Detection matrices (similarity measures) for different
methods used for HSV motion detection: left – higher searching
range; right – lower searching range after interpolation (dx = a,
dy = b); a) maximum of correlation similarity; b) minimum of L2-

like similarity; c) peak for cross-power spectrum similarity.

Correlation function methods. The classic method for
{x0, y0} detection relies on the properties of the
convolution (cross-correlation) function of f1(x, y) and
f2(x, y), which is defined as follows:

   
DC (a,b) = f1(x, y) f2 (x + a, y + b)dxdy
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The function DC(a, b) reaches its maximum for a = x0

and b = y0. However, the maximum is flat (as shown in
Fig.3a) and computation is time consuming. We can
observe that f2(x, y) is shifted back by x and y dimensions
by a and b, to fit the original image f1(x, y). This method
can be realized by computing the convolution function of
two images, which is slow. Speed optimization can be
achieved by defining equation (1a) D∆∆(a, b)=DC(a, b)
for a limited range of a  and b  [1]. Such approach is
appropriate when estimating small shifts within 5 pixels.
L2–norm and L2-difference minimization methods. The
spatial shifts can be determined simply by minimizing

the difference between two images while artificially
shifting one of them and computing a similarity measure
of their difference, such as:
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D|∆|(a,b) = f1(x, y) − f2 (x + a, y + b) dxdy
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where (2) represents the L2-norm measure of the image
difference, while (3) is a L2-like measure known as the
average magnitude difference function (AMDF). The
minima of such functions are flat as it is shown in
Fig.3b.

FFT-based cross-power spectrum method. It is known
that Fourier spectra of images f1(x, y) and f2(x, y) are
related as:

F2 (ωx ,ωy ) = F1(ωx ,ωy ) " e j (ωx .x0 +ωy .y0 )        (4)

where F1(ωx, ωy) and F 2(ωx, ωy) denote Fourier
transforms of both images. Since it can be shown that:

G12 (ωx ,ωy ) =
F2 (ωx ,ωy ) " ′F1(ωx ,ωy )

F2 (ωx ,ωy ) " ′F1(ωx ,ωy )
= e j (ωx .x0 +ωy .y0 )       (5)

the inverse Fourier transform of G12(ωx, ωy) results in:

  
g12 x, y( ) = Fourier−1 G12 ωx ,ωy( )#

$
%
&              (6)

characterized by a sharp Dirac delta function centered at
(x0, y0) (Fig.3c-left). This property is very useful for
motion detection. In the discrete case above, the property
still holds, and direct and inverse fast Fourier transform
algorithms can be applied. Thus, the Dirac impulse takes
a form of a 2D sinc function, the interpolation of which
is presented in Fig.3c-right.
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The project described herein studied a variety of sub-
pixel adaptations based on this method. Only the most
successful two of these are presented.

Sub-pixel extensions. Similarity matrices DC(a, b) (1),
D∆∆(a, b) (1a), D |∆|

2(a, b) (2), D |∆|(a, b) (3), and
Φ(x, y) (7) can be easily interpolated as it is shown in
Fig.3-right for sub-ranges (-amax, amax) and (-bmax, bmax)
around the extrema. Adaptive strategies for changing the
values of a and b can be applied.

Such strategy is to replace the interpolation of the 2D
sinc Dirac impulse (7) (Fig.3c-left) with more effective
techniques, as presented below.

For discrete images (4) can be presented as follows:

)//(2
12 ),(),( cr NccNrrjecrFcrF ∆"+∆""= π           (8)
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where r  and c  denote row and column index,
respectively, and Nr and N c designate number of rows
and columns. Phases of these spectra are related by:
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or equivalently:

[ ] [ ] [ ] [ ]crcrFcrFcr !+!=Φ−Φ=Φ βα),(),(, 12
,

where:

  
α = 2π∆r / Nr ,  

  
β = 2π∆c / Nc

(9)

As shown, Φ[r, c] is a 2D discrete function describing
a plane in 3D space (i.e. points Φ(ri, ci) lay on a plane).
After estimation of α and β coefficients’ values on this
plane, we can calculate the shift between images from
(9). The computation of α and β is reduced to a simple
least square problem easily solvable when the values of
the function Φ[r, c] are known for at least two points
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 Ax = b

that can be solved in a least square (LS) sense:

   x = (AT A)−1AT b = pinv(A) "b                            (11)

In Matlab language (11) is equivalent to x = A\b.

B. Experimental Design

Initial Testing of Basic Methods: The first step toward
developing a robust MC algorithm was to test the
accuracy and speed performance of the basic functions
for detection of spatial shifts described in the previous
section. The performance of the following basic
functions was compared on artificially shifted by x and y
images at different shift directions and magnitudes:
Convolution DC(a, b) (1), Correlation D∆∆(a, b) (1a), L2-
norm D|∆|

2(a, b) (2), AMDF D|∆|(a, b) (3), FFT CP
Φ(x, y) (7), and FFT LS which is FFT CP with an LS
extension replacing the interpolation. Three parameters
were reported: average execution time (in ms); mean
absolute error εM (in pixels by x and y); and absolute
range of error εR (in pixels by x  and y ). These
measurements do not warrant accuracy of the whole MC
implementation.

MC Algorithm: The MC algorithm implemented in these
experiments was the same algorithm used in [1] with the

basic functions replacing the Convolution function. It
consists of the following main steps: (i) Establishing
dynamic vocal fold outliers for MC by computing pixel
by pixel the time differentials of the HSV image
sequence; (ii) Eliminating the high-frequency
components of the vibrating vocal folds via smoothing;
(iii) Suppressing the effect of the boundary
discontinuities of the image frames (only necessary for
Convolution); (iv) Detecting the displacement between
adjacent frames by using one of the six methods;
(v) Computing the displacement vectors (motion
trajectories); (vi) Subtracting the motion trajectories
from the spatial coordinates of the original HSV image
using two-dimensional spline interpolation.

Performance on Simulated Motion: To assess the
accuracy in extreme conditions, the MC method was
tested on simulated data with known motion trajectories.
These data are identical to and described in more detail
in [1]. Although the proposed methods are expected to
work better for lower motion frequencies, these data
allow for a thorough testing in extreme conditions, in
which all frequencies of the covered range 0.1 to 15 Hz
are equally represented. The data consisted of 2-second
long (4000 frames) HSV movies with exactly known
motion trajectories. Motion varied from 0 to 8 pixels by
x and y in nine different magnitudes. Two types of
motion curves, a random and a cyclic, were added to two
real HSV recordings, one of a male and one of a female
speaker, totaling 34 HSV recordings with simulated
motion. The data were analyzed by each modified
technique. The following parameters were reported:
average speed of computation SC (in seconds per one
second of HSV data); mean absolute error εM and
absolute range of error εR (in pixels) as defined in [1].
Assessing the MC method on data with simulated motion
was important to show whether the detected trajectories
really correspond to motion and to assess the accuracy of
the method in extreme motion conditions with known
characteristics.

Performance on Real Motion: Testing the MC methods
on real HSV data is important to account for factors
unaccounted for in simulated motion such as nonuniform
illumination, quality of the image, scaling, camera
artifacts, and differences in glottal shapes, which are
likely to affect the reliability of MC. The error is
computed by iterating the MC process since the
estimated motion trajectory at the second iteration is the
residual motion not compensated for during the first
iteration.

III. RESULTS AND DISCUSSION

Basic Methods: The results obtained from testing the
basic MC methods are presented in Table 1. The FFT-
based techniques were found to be several times faster
relative to the correlation and L2-based techniques. L2-



norm and FFT LS were found to be the most accurate.
Additional observations include: noise was not found to
be destructive for tracking shifts, and all methods except
for FFT CP were more sensitive to horizontal
movement, since vocal folds are vertical.

Table 1: Comparison of accuracy and speed of the newly
implemented basic methods for motion compensation.

εM

[pixels]
εR

[pixels]MC method
Time
[ms]

by x by y by x by y

Convolution 2700 0.07 0.07 0.16 0.12
Correlation 380 0.14 0.09 0.51 0.15
L2-norm 460 0.09 0.07 0.24 0.13
AMDF 460 0.20 0.17 0.27 0.21
FFT CP 140 0.23 0.22 0.52 0.57
FFT LS 60 0.08 0.07 0.40 0.22

Data with Simulated Motion: The results from testing
the MC algorithms on simulated motion are shown in
Table 2. They generally agree with the results from
testing the basic methods. All MC methods demonstrated
satisfactory sub-pixel accuracy and all alternative tech-
niques were significantly faster relative to Convolution.

Table 2: Accuracy (average with range in partheses) and
speed of computation results from testing six MC
algorithms on 34 HSV samples with simulated motion.

MC method
SC

[s/s]
εM

[pixels]
εR

[pixels]

Convolution 513.306
0.168

(0.000-0.331)
0.380

(0.000-0.931)

Correlation 33.556
0.064

(0.000-0.181)
0.221

(0.000-0.664)

L2-norm 35.259
0.064

(0.000-0.181)
0.221

(0.000-0.664)

AMDF 34.430
0.069

(0.000-0.188)
0.229

(0.000-0.677)

FFT CP 14.039
0.091

(0.000-0.351)
0.538

(0.000-2.904)

FFT LS 7.644
0.272

(0.002-0.577)
0.606

(0.003-2.241)

Correlation, L2-norm and AMDF had almost identical
performance and best accuracy of all methods. Their
mean absolute error was 0.065 pixels and their speed of
computation was 15 times higher relative to
Convolution. The serious disadvantage of these three
methods is their limited range of shift tracking, which
limits their implementation for certain types of HSV
material. They would have difficulties with recordings
including phonatory breaks, vocal offsets and onsets, or
intermittent obstructions in the view of the vibrating
vocal folds, making it difficult to recover when visible
vibration resumes. Convolution, FFT CP and FFT LS do
not have this limitation.

The fastest methods were FFT LS and FFT CP
outperforming C o n v o l u t i o n  67 and 37 times,
respectively. The accuracy of these two methods was
lower but still acceptable at the sub-pixel level. The
increased error was mainly due to the extreme frequency
testing conditions to which the methods were subjected.
Considering the exceptional robustness of the FFT LS
method, further investigation is necessary to understand
and eliminate the sources of errors in order to build a
practical tool for motion compensation, which is highly
necessary.

Data with Real Motion: A limited testing on real clinical
HSV recordings (14 samples) was performed. Results
were consistent with the data from Table 2. Speed ratios
and accuracy data were found to be in the same
proportions. On the 2nd iteration the residual errors were
found to be smaller relative to the data with simulated
motion. As expected, Correlation, L2-norm and AMDF
could not track over shifts including voice offsets, onsets
and breaks, while Convolution, FFT CP and FFT LS
could. No instances of data degradation were reported up
to the 4th iteration for Convolution, FFT CP and FFT LS.

IV. CONCLUSION

The fast FFT-based approach has been applied
successfully for the endoscopic motion compensation in
HSV recordings of vocal folds. Results demonstrated
that application of the FFT-based cross-power spectrum
approach is highly beneficial: the method is 67 times
faster than the convolution-based approach and offers
acceptable sub-pixel accuracy. Further improvement of
accuracy is possible and testing on a large dataset of real
HSV recordings is recommended.
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