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Abstract: Motion blur is common in video tracking and detection, and severe motion blur can lead to
failure in tracking and detection. In this work, a motion-blur hysteresis phenomenon (MBHP) was
discovered, which has an impact on tracking and detection accuracy as well as image annotation. In
order to accurately quantify MBHP, this paper proposes a motion-blur dataset construction method
based on a motion-blur operator (MBO) generation method and self-similar object images, and
designs APSF, a MBO generation method. The optimized sub-pixel estimation method of the point
spread function (SPEPSF) is used to demonstrate the accuracy and robustness of the APSF method,
showing the maximum error (ME) of APSF to be smaller than others (reduced by 86%, when motion-
blur length > 20, motion-blur angle = 0), and the mean square error (MSE) of APSF to be smaller than
others (reduced by 65.67% when motion-blur angle = 0). A fast image matching method based on a
fast correlation response coefficient (FAST-PCC) and improved KCF were used with the motion-blur
dataset to quantify MBHP. The results show that MBHP exists significantly when the motion blur
changes and the error caused by MBHP is close to half of the difference of the motion-blur length
between two consecutive frames. A general flow chart of visual tracking displacement detection with
error compensation for MBHP was designed, and three methods for calculating compensation values
were proposed: compensation values based on inter-frame displacement estimation error, SPEPSF,
and no-reference image quality assessment (NR-IQA) indicators. Additionally, the implementation
experiments showed that this error can be reduced by more than 96%.

Keywords: motion blur; point spread function; motion-blur hysteresis phenomenon; visual tracking;
displacement detection

1. Introduction

Image-based detection plays an increasingly important role in today’s society. The
motion blur caused by the relative motion between the imaging device and the object
during the exposure time can cause a decrease in image quality and affect subsequent
detection. In fact, the processing of image degradation caused by motion blur has always
been a very important issue in the detection of various fields such as satellite remote
sensing [1], medical treatment [2], industry [3], and transportation [4]. Addressing the
impact of motion blur on visual tracking and displacement detection can increase the
application scenarios, reduce the demand for shooting equipment, and improve detection
accuracy and robustness. The current solution mainly has two directions: (1) improving
image degradation algorithms, and (2) improving visual tracking algorithms.

Firstly, in the field of image degradation, the process of image degradation is generally
described as the result of the convolution of a clear image and a fuzzy kernel under certain
noise interference [5,6]:

8(x,y) = f(x,y) @k +n(x,y) ©)
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where k is the point spread function (PSF), n represents random noise, g represents the
degraded image, f is a clear image, and ) is a convolution operation. Given g, the operation
of estimating f is called image restoration or image deblurring, which can be divided into
two kinds of problems: image non-blind deblurring and image blind deblurring. The
difference lies in whether the point spread function k is known.

In the blind deblurring problem of images, as both f and k are unknown, this is
a highly pathological problem that can have infinite solutions. Most existing research
methods utilize a series of statistical prior knowledge from comparing clear images with
blurred images, as well as prior knowledge from fuzzy kernels, to constrain these solutions,
and to design a regularized loss function to iteratively solve f and k. The statistical
priori of clear images and fuzzy images include image gradient sparse priori [7], natural
image heavy tail gradient distribution priori [8], image edge gradient statistical priori [9],
dark channel sparse priori (DCP) [10], bright channel sparse priori (BCP) [11], multi-scale
structure self-similarity priori [12], etc. This kind of algorithm can achieve the deblurring
of blurred images with complex nonlinear PSE. However, the calculation time is generally
long, so it is not suitable for real-time tracking application. Some researches apply channel
analysis techniques to images, such as cepstrum-based PSF estimation [13] and gradient
domain dependent PSF estimation [5]. The cepstrum-based PSF estimation algorithm is
easy to implement and short in time, but there is interference caused by the central cross
bright fringe due to the boundary cutoff. The gradient domain autocorrelation-based PSF
estimation can effectively reduce this interference [5].

Secondly, visual tracking refers to a series of image processing of moving targets
in the image sequence to obtain the moving parameters, so as to carry out higher-level
detection tasks. The general flow chart of visual tracking is shown in Figure 1. According
to its development history, visual tracking can be roughly divided into three periods. The
first period is roughly before 2011, which is called the classical tracking algorithm period,
mainly the generation methods, such as the particle filter [14], meanshift [15], Kalman
filter [16], and optical flow method [17]. From 2011 to 2015, it has been called the period
of the correlation filtering tracking algorithm, which starts from MOSSE [18], CSK [19],
and KCF [20], applying correlation filtering to the observation model of visual tracking.
A generator based on a cyclic matrix is proposed, which solves the problem of intensive
sampling perfectly mathematically. Moreover, the Fourier transform characteristic of the
cyclic matrix is utilized to increase the training samples, but greatly shortens the training
time. This has been followed by many more practical tracking algorithms such as DSST [21],
SAMF [22], Staple [23], and LCT [24]. From 2015 to now, it has been called the tracking
algorithm period of coexistence and fusion of correlation filtering and deep learning.
Thanks to the ResNet [25] residual structure, the network depth is greatly improved, and
the effect of the neural network in the feature extractor is greatly improved. Combined with
the improvement of the CNN method and the development of high-performance computing
hardware, deep learning is becoming increasingly influential in visual tracking, mainly
represented by the ECO [26]-ATOM [27]-DiMP [28] series, Siamese [29-32] series, SSD
series [33], YOLO series [34-37], and Vision transformer series [38,39], and is significantly
improving the accuracy and robustness of tracking and detection results.

However, in this research, such a phenomenon, which also has an impact on the
accuracy of visual tracking displacement detection, was found. When the visual tracking
method is used to detect the displacement of a moving object, if the object starts to accelerate
from standstill, the velocity data detected by the image-based tracking method are always
slightly slower than that of the sensor used as the calibration, but when the object reaches
the maximum velocity, the two pieces of velocity data are consistent, no matter which visual
tracking method is used. At first, it was regarded as the image tracking detection error, but
after analyzing the detection video frame by frame, it was found that this error should not
be generated stably. We name this hysteresis phenomenon in the visual tracking of objects
with motion blur during acceleration as the motion-blur hysteresis phenomenon (MBHP).
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Figure 1. General flow chart of visual object tracking.

At present, there is almost no literature to explain and quantify this phenomenon.
In addition, MBHP also has an impact on the annotation of image datasets, making the
annotation of the existing datasets differ from the actual location of the target within them.
In order to restore and quantify MBHP and increase the accuracy of image tracking and
detection, this work explored MBHP in three steps: (1) re-modeling the video shooting
process, optimizing the generation method of the motion-blur operator, and making a
motion-blur image dataset which has images with strong motion blur while its annotation is
very accurate, so it can be used to restore and quantify MBHP (in Section 3); (2) quantifying
the impact of MBHP using different vision tracking methods (in Section 4); (3) designing
methods to suppress this phenomenon from different perspectives (in Section 5). The main
contributions from this work include the following:

1.  Obtaining a more accurate generation method of the motion-blur operator, making
the simulation of motion blur more accurate;

2. Proposing and constructing a more accurate motion-blur dataset;

3. Discovering and quantifying the motion-blur hysteresis phenomenon in visual track-
ing displacement detection;

4. Obtaining methods to suppress this phenomenon and improve video tracking accu-
racy and robustness.

2. Related Works
2.1. The Calculation of the PSF of Motion Blur

Assuming that image f(x,y) moves in the plane, vy and vy are components of the
moving velocity in the x and y directions, respectively. By ignoring noise interference and
setting the exposure time as T,, then the image after motion blur can be defined as:

Te
gGow) = [ F(x—oxt,y—vt)d @)

where g(x,y) is the image with motion blur. Fourier transforms both sides of Formula (2)
and changes the order of integration:

Tf-’ : uvy
G(u,v) = F(u,v)/ e 2R ) gt (3)
0
where M and N are dimensions of the image f(x,y), and let:

Te . uvy voyt
H(u,v) :/ e IR ) g 4)
0
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Then:
G(u,v) = F(u,v)H(u,v) 5)

Formula (5) is the Fourier transform of Formula (1) ignoring noise. If the motion
during the exposure time is simplified to uniform linear and the fractional displacement in
the horizontal and vertical directions is Ly and L,, then Formula (4) can be calculated as:

H(u,v) = Te /(% +%

(6)

N
inp(tlx  Plyy L. oL
= Te /MM +5 )smc(n<”M* + #))

i uLx oL . . 1 . . .
where T,e™/ ("5 + ) is the constant term, sinc (7‘[ (%u + %v)) is an impulse signal, and
the pulse impulse signal and the DC signal are mutually transformed through an inverse
Fourier transform. Therefore, the PSF of motion blur can be approximately defined as:

1 /2412 < Land X = —tan(0
h(x,w:{L Vit s Land ©) %

0, others

where L is the motion-blur length, that is, the pixel distance at which an object moves
on the image scale during the exposure time, and 6 is the motion-blur angle, that is, the
angle between the motion direction and the horizontal direction. Considering the two-
dimensional discretization in the image, the PSF of motion blur is defined in Matlab as:

h(x,y) = Norm(max(1 — dyearest, 0)) (8)

where dyeqrest 15 the distance between the position (x,y) and the ideal line segment deter-
mined by the motion-blur length L and the motion-blur angle 6, max(.) is the maximum
function, and Norm(.) is a normalized function. Moreover, in order to facilitate the genera-
tion and restoration of a motion-blurred image, the center of the PSF is taken as the center
of the ideal line segment, so the size of the PSF is optimized to be odd.

Taking a motion-blur length of 6 px and a motion-blur angle of 45° as an example, the
motion-blur operator (MBO) generated by Formula (8) with L = 6, 6 = 45 is shown in
Table 1.

Table 1. The table of the MBO generated by Formula (8) with L = 6, § = 45.

1 2 3 4 5
1 0 0 0 0.044 0.100
2 0 0 0.044 0.150 0.044
3 0 0.044 0.150 0.044 0
4 0.044 0.150 0.044 0 0
5 0.100 0.044 0 0 0

This PSF generation method is widely used due to its simple principle and ease to
implement. However, it is approximate and can be used in situations with low accuracy
requirements. Additionally, it is clearly not sufficient for accurately quantifying MBHP. To
obtain a more accurate MBO, it is necessary to re-model the motion-blur process.

2.2. PSF Estimation Method Based on Cepstrum

Cepstrum was first used in earthquake and bomb echo detection, and it is now widely
used in signal processing fields, such as speech analysis and conversion and biomedical
image processing [13]. Cepstrum is convenient to extract and analyze the periodic signals
which are difficult to be recognized by the naked eye on the original spectral diagram, and
it can simplify the clustered edge band spectral lines on the original spectral diagram into
a single spectral line, which is less affected by the sensor’s measuring point position and
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transmission path. The cepstrum of an image is actually short for logarithmic cepstrum,
also known as the logarithmic power spectrum, which can be calculated as follows:

Cr(p.a) = F (Ig(Ps(,0))) ©)

where F~1(.) is the inverse Fourier transform, Ig(.) is a logarithmic function, and Pr(u,v)
is the power spectral density function of image f(x,y). Since an image is a truncated finite
signal, it can be regarded as an energy signal, so its power spectrum can be estimated

as follows: )
F(/ () .

where F(.) is the Fourier transform and T is the total number of pixels of image f(x,y).
Since the images being compared and analyzed are generally of the same size, it is worth
noting that the relative value of the image cepstrum, constant coefficient, and constant term
can be ignored. In addition, the zero frequency point is then moved to the middle of the
spectrum to obtain the commonly used cepstrum formula of image f(x,y):

Pr(u,0) =

Cr(p,g) = FShift(F'(Ig(|F(1,0)| +1))) (1)

where FShift(.) represents moving the zero frequency point to the center of the spectrum.
The logarithmic operation adds one to ignore the details of the low amplitude. The distance
and angle between the minimum value in the cepstrum C¢(p, 9) and its image center are
the motion-blur length and motion-blur angle of the PSF analyzed by the cepstrum. That is:

L= \/(Pmid - pmin)z + (Qmid - Qmin)z (12)
Qmid — Gmin = ,
96 = {arCtan<pmid - pmin)’ pmld' - pmm (13)
90° s Pmid = Pmin

where pyig, quiq are the transverse and vertical coordinates of the center of C¢(p,q), Psmin,
Gsmin are the transverse and vertical coordinates of the minimum value of C¢(p,q), L is the
motion-blur length estimated by cepstrum analysis, 6. is the motion-blur angle estimated
by cepstrum analysis, and arctan(.) is the inverse tangent function.

It is worth noting that although this method can resist interference, it can only obtain
pixel level accuracy detection results. To obtain sub-pixel accuracy detection results, it is
necessary to optimize it.

2.3. No-Reference Image Quality Assessment Indicators

Image quality assessment (IQA) is generally defined as evaluating the degree of visual
distortion of an image by analyzing the relevant characteristics of the image signals. It can
be divided into a full-reference image quality assessment (FR-IQA), semi-reference image
quality assessment (SR-IQA), and no-reference image quality assessment (NR-IQA) [40].
Compared to an FR-IQA, an NR-IQA does not require any reference information when
calculating the visual quality of distorted images, and has a wider application prospect
in practical application systems. It has been extensively studied and used in the auto-
focus technology of mobile phones and cameras [41]. An NR-IQA can be divided into
two categories: (1) based on the spatial distribution angle and (2) based on the gradient.
The difference between the motion-blur and clear images is that the gradient of the ob-
ject in the direction of motion on the motion-blur image decreases, making it suitable
for gradient-based NR-IQA indicators. The commonly used NR-IQA indicators [42] are
as follows.
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1. Brenner Gradient function:

Ds(f) = LN If(x+2y) = f(xy)? (14)
yox
2. Tenengrad Gradient function:
Dr(f) =)} 1G(x,y)| (G(x,y) > Threshold) (15)
y x
G(x,y) = /G3(x,y) + Gy(x,y) (16)

where Threshold is the given edge detection threshold, and Gy and Gy are the con-
volution of the Sobel horizontal and vertical edge detection operators at pixel point
(x,y), respectively. The proposed Sobel operator is as follows:

1[-1 o1 [ 21
8 =g -2 0 2f, & =7 0 0 0 (17)
-1 0 1 -1 -2 -1
3.  Laplacian Gradient function:
Di(f) =YY |G(x,y)| (G(x,y) > Threshold) (18)
y x

where G(x, y) is the convolution of the Laplacian operator at pixel point (x,y), and
Threshold is the given edge detection threshold.
4.  Gray difference function SMD:

Ds(f) =3 2 _(If(cy) = fxy =D+ [f(xy) = f(x = Ly)]) (19)
y x

5. Gray difference product function SMD2:
Dsa(f) = 22 _(f(xy) = flxy =D x |f(xy) = fx = Ly)]) (20)
y X

6.  Energy gradient function EOG:
De(f) = L X ((f(oy) = flry =D+ (Flxy) - flx=1y)°) @
v ox

3. Methods and Dataset
3.1. The More Accurate MBO Generation Method: APSF

As mentioned in Section 2.1, Formula (8) is an approximate result of true MBO and
its error will affect the observation results of MBHP. In order to obtain a more accurate
two-dimensional discretization motion-blur operator so as to describe motion ambiguity
more accurately, as shown in Figure 2, one-dimensional movement was first studied.

Assuming that the photographed object moves from top to bottom, a pixel box P of
one frame (Frame i) is taken for observation. Figure 2a is obtained, the interval between
two adjacent frames is Ts, and the shutter time of the camera is T,. Considering relative
motion, the bottom-up movement of the object is equivalent to the top-down movement of
the observation frame. Considering that the position at which the shutter closes is mapped
between the discrete image space-time and the real world space-time, the moment at which
the shutter closes for each frame can be defined as the moment at which each frame ends.
As shown in Figure 2b, the observed pixel box moves from position P; to position P; within
Ts. Obviously, the images from position P, to position P; will be superimposed together
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to generate pixel box P in Frame i + 1. If the image is discrete along the motion direction
into an infinitesimal rectangle, its motion-blur operator will be the isosceles trapezoid, as
shown in Figure 2c. If the image pixel position is discrete, the proportion of each pixel box
will be the result of the normalization of the graph area shown in Figure 2d. If the exposed
area of the discrete pixel frame in the exposure time is directly considered, it is the result of
the normalization of the graph area shown in Figure 2e. Figure 2d,e are equivalent, and the
result is summarized and defined as follows:

1
2d; —d;?

h(y), = Norm( 2
142d; —d;?

d;?

where d is the fractional part of the motion-blur length L, and is not 0, defined in
Formula (23), L;, is the size of the motion-blur operator, defined in Formula (24), and

Norm(.) is a normalized function.

Ly=1lorLy >3, y=1

Lp=2y=1

Luw>31<y<Ly-—1 )

Yy=1Ln

_ L — floor(L)
i = { 1if L—floor(L) ==

Ly = ceil(L) 41

where floor(.) is an integer down function and ceil(.) is an integer up function.

Q: Q3 Q4 Qs
(d)

Qi Q Q Qs+ Qs
(e)

Figure 2. One-dimensional motion-blur process and decomposition diagram. (a) Observing real mo-
tion with pixel box P, (b) Observing pixel box with real object image, (¢) Continuous one-dimensional
motion-blur operator, (d) Ratio of one-dimensional motion-blur operators divided by region for
each pixel point after discretization of real object image, (e) Ratio of one-dimensional motion-blur

operators divided by time for each pixel point after discretization of real object image.

For two-dimensional movement, there is such a prior: The result of summing the
motion-blur operator in rows or columns for two-dimensional motion is equivalent to a
one-dimensional motion blur operator constructed with the same motion-blur length in

that direction, namely:
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he(y)y,,, = X h(xy) (25)
x=1
Ly

hy(x), =Y h(xy) (26)

Ly = ceil(L x cos(0)) +1 (27)

Ly = ceil(L x sin(0)) + 1 (28)

Then, each column of the motion-blur operator is analyzed, which is similar to
Figure 2e of the decomposition process of one-dimensional motion-blur operator. The
sum of the column is equal to the volume of a sloping triangular prism (isosceles triangle
in contrast Figure 2e). As shown in Figure 3, the component of the row is equal to the ratio
of the volume of the sloping triangular prism in the row to its total volume. It is worth
noting that similar to the motion-blur operator of one-dimensional movement, the oblique
triangular prisms (triangle in one-dimensional movement, Figure 2e) in the head position
and end position are partial, Figure 3a corresponds to Figure 2e Q, Figure 3b corresponds
to Figure 2e QQ; and Q3, and Figure 3c corresponds to Figure 2e Q4. So, the motion-blur
operator of two-dimensional movement should be calculated as follows:

) = PV, = Vi) = Vaaey = 1)y (3)

Linx (29)
where Vy is the total volume of this column, Vy(y) is the volume between rows 0 and y in
the total volume of the column, and Vyate(y) is the volume ratio between rows 0 and y
in the total volume of the column. Due to different slopes, starting and ending positions
need to be considered. The principle of volume calculation is simple, but the specific
situations that need to be discussed are relatively complex. Therefore, only an overview
of the algorithm will be explained here. Firstly, given the motion-blur angle 6 and the
distance ¢, from the end position of the block passing through this row to row y, it is easy to
classify and discuss the total volume V, (1) and Vyrate (6, cy, [0,1]) (Figure 3b). Similarly, it
is easy to classify and discuss the total volume er[o,oig,] and Vyyate (6, Cy, [0, 0.5]) . Then, based
on this, calculate the total volume V, o ., and Vxrate (6, ¢y, [0,cx2]) (Figure 3c), and then
calculate the total volume V, o5, and Vyyate (6, ¢y, [0.5, cx2]) (Figure 3a). Here, V. (o . 1
means the total volume of column x, which is also the maximum value of V, [ . . 1(y), and
Vi [en1,c0] () i the expansion of Vy(y). Virate (6, ¢y, [cx1,cx2]) is the expansion of Virate (V).
The values of ¢, and cy are the relative positions of the real starting and end positions of
the block passing through the column being calculated.

Vi 10500 = Vi ocn] — Y3005 (30)

Virate (9/ Cy, [0/ sz]) Vx, [0,cx0] — Virate (9/ Cy, [0/ 0-5]) Vx, (0,0.5]

Vx, [0.5,cx2]

Virate (9/ Cy, [0.5, CxZ]) = (31)

Taking a motion-blur length of 6 px and a motion-blur angle of 45° as an example, the
MBO generated by APSF according to Formula (29) is shown in Table 2.
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Annotation ! : The column being calculated
: The starting position of the block passing through this column
: The real starting position of the block passing through this column
: The end position of the block passing through this column
: The real end position of the block passing through this column

mOOmd

Figure 3. Schematic diagram of a column decomposition of a two-dimensional MBO. (a) The real
starting position that passes through this column is in this column, and the ending position is in the
right column. (b) The starting position that passes through this column is in the left column, and the
ending position is in the right column. (c¢) The starting position of the blocks that pass through this
column is in the left column, and the ending position is between the left and right columns.

Table 2. The table of the MBO generated by APSF with L = 6, 6 = 45.

1 2 3 4 5 6
1 0 0 0 0 0.039 0.079
2 0 0 0 0.039 0.157 0.039
3 0 0 0.039 0.157 0.039 0
4 0 0.039 0.157 0.039 0 0
5 0.006 0.123 0.039 0 0 0
6 0.001 0.006 0 0 0 0

3.2. PSF Sub-Pixel Estimation Method: SPEPSF

The cepstrum estimation resolution of the PSF calculated by Formula (12) is at pixel
level. For sub-pixel estimation, an alternative method is to extract the minimum channels
in the two dimensions of the cepstrum image, similar to DCP method, and do fittings,
respectively, to estimate the location of the minimum value. That is:

CH"(p) = minl(C (p,q)) (32)
C5"(g) = min2(C (p,q)) (33)
Pomin = min(FIT(C 1" (p))) (34)
Gmin = min(FIT(C 13" (q))) (35)

where C¢(p,q) is calculated by Formula (11), minl1(.) returns the column vector of the
minimum value for each row, min2(.) returns the row vector of the minimum value for
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each column, and FITY(.) is a fitting function. Then, the PSF sub-pixel estimation method
(SPEPSF) is defined as:

L, = \/(pmid - psmin)z + (Gmia — %min)z (36)
= {arctan(;?::z =h ). uidt = Panin %
90° s Pmid = Psmin

where L, is the sub-pixel motion-blur length estimated by SPEPSF and 6, is the motion-blur
angle estimated by SPEPSF.

3.3. A Fast Image Matching Method Based on Fast Correlation Response Coefficient: FAST-PCC

Correlation-based data matching is a commonly used method in information detection.
MOSSE [18] introduces correlation filtering into the field of image matching detection.
When there is light imbalance in the image, correlation-based matching is more effective
than MSE-based matching. The correlation response used in general image matching uses
covariance because when the image is large, calculating the correlation coefficient takes too
long. Here, a method is used that can quickly calculate the correlation response coefficient.
Firstly, the correlation coefficient used in image matching refers to the Pearson Correlation
Coefficient (PCC), which is calculated as follows:

PCC(X,Y) = X)) iy (Xi—E(X)) (Yi— E(Y))

XY 1 (X—E(X))%/ o
_ E(xy% EQOE() ¢ (38)

 VEX?)-E2(X)\/E(Y2)—

where X and Y are one-dimensional vectors of n elements, cx and oy are the standard
deviation of X and Y, and cov(.) is the covariance function. In image matching, the
correlation coefficient matrix of a template image matrix T and image matrix S needs to be
calculated. Here, S is a two-dimensional or three-dimensional image, T is an image with a
two-dimensional dimension not greater than S, and the third dimension is the same as S.
When the dimensions of T and S are large, direct calculation can be time-consuming, and
the accelerated calculation formula is as follows:

convn(S, NLT> — E(T)convn(S, k)

PCC(T, S) = (39)
\/(E(T.2> — EZ(T)> (convn (S.z,kT) — (convn(S,kT)).z)
where
1 M N Q

ET) =Y Y Y 16,08 (40)

Ti=1j=1k=1

1 M N Q
E(T?) = L L Y TGk (41)

Tz:1]:1k 1
kr = ones(M,N,Q)/Nr (42)
T, = imrotate(T,180°) (43)
Nr = MNQ (44)

where M, N, and Q are, respectively, the 3D size of the template picture T. convn(.) is a
multidimensional convolution function, and here it returns a matrix as large as the first
parameter because the frequency domain product is used to calculate the time domain
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convolution, so there is a computational acceleration effect. ones(.) is a function that
generates an all-1 matrix, imrotate(.) is the rotation of the image in one or two dimensions,
and (.).% is an element-by-element squared operation.

If the addition, subtraction, multiplication, division, and square root operations
are all recorded as one operation, the original algorithm would operate approximately
5N1Ns + 10N times. The Time complexity of the original algorithm is O(NtNs), while the
accelerated algorithm uses the frequency domain to calculate convolution, which is about
10Ns + 3N + 7 times, and the Time complexity is O(Nt + Ns), which greatly reduces the
calculation time consumption.

3.4. Improved KCF

This work requires representative tracking methods to show the universality of MBHP.
KCF [20] is such a method, but the original version of KCF is used for tracking and detecting
general objects. It is not suitable for scenarios where high-speed motion, objects quickly
leave the field of view and precise detection is required. There are several issues:

1.  KCF uses hog features and has better tracking performance than using original image
features, but using fhog with a cell of 4 for calculation results in N-fold down-sampling
for large-sized images and targets results in a resolution of 4n(px);

2. The target quickly leaves the field of view and cannot be tracked and detected;

3. Not suitable for tracking high-speed objects due to low speed and small range movement.

Therefore, several improvements have been made:

1.  Perform two-dimensional polynomial fitting on the detection response of KCF for the
HOG feature to make it continuous;

2. Change the tracking strategy for general objects and use a template strategy with a
lifecycle of 1 frame, that is, update the template every frame;

3. Strengthen the use of motion trackers.

3.5. Construction of Motion Blur Video Dataset

In order to restore MBHP, a motion-blur video dataset with accurate annotation is
needed. However, MBHP will cause interference to the annotation of motion-blur video
datasets, so the existing datasets, whether marked by human or machine, does not meet
the requirement. Since the more accurate generation method of MBO was obtained in
Section 3.1, a self-similar object photographed in reality was used to obtain a cycle graph by
merging it from end to end after image processing. Then motion simulation with motion
blur is carried out to generate the video dataset. The generation procedure of motion-blur
video dataset generated from a self-similar object graph is shown in Figure 4. As the
wire rope is wound by strands of steel wire or wire bundle according to certain rules, it
is a typical self-similar object. Therefore, a real picture of steel wire rope is used as the
representative of self-similar object to generate the dataset.

Figure 4 describes a general method of generating motion-blur video datasets through
a self-similar image. Operations 1 and 9 in Figure 4 represent the input of the image and
the output of the generated motion-blur video dataset.

Operation 2 is that the background of the image generally taken may be messy, which
may interfere with the subsequent process, so it is necessary to separate the object from the
background and add a clean background to the object. If the background of the image is
clean, this step can be omitted, and the separation operation can be completed by using
the commonly used image matting software such as Adobe Photoshop 2023. The image
obtained in this step is Sy (x, y).

Operation 3 is to rotate the object in the image S, (x, y) to vertical, which is a prior of
utilizing the self-similar object characteristics of the wire rope: if the wire rope is vertical,
then take an appropriate template on the wire rope image, and multiple peaks of the
response coefficient related to the wire rope image will also be close to a vertical line. The
resulting image is S3(x, y).
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Figure 4. Flow chart of motion-blur video dataset generation based on MBO generation method and
self-similarity object images.

Operation 4 is to use projective mapping four-point method [43] to solve the per-
spective distortion problem caused by the camera not strictly perpendicular to the image
plane. After obtaining the projective transformation matrix, the projective transformation is
applied to S3(x,y) and interpolation is performed, the obtained image is clipped according
to the requirements, copied, and stitched together to get the image S4(x, ).

Operation 5 is to carry out linear gradient transition operation at the stitching place to
get the image S5(x, y). The effect is shown in Figure 5.

(a)

Figure 5. Comparison diagram of linear transition treatment before and after splicing. (a) Before

processing, (b) After processing.

Operation 6 is to crop half of the image S5(x, y) to get S¢(x, i), where the stitching part
with linear gradient transition is in Sg(x, y). S¢(x,y) is a cyclable graph and is repeatedly
self-spliced along the column direction to get Sgs(x, ).

Operation 7 divides S¢(x,y) into two parts: wire rope S7,(x,y) and background
S7p(x, ), and likewise divides Sgg(x, i) into two parts: wire rope Sy, (x,y) and background
S7sb(%,Y)-

Operation 8 is to calculate the displacement according to the elapsed time, set frame
rate and exposure time, and capture the image Sg,(x,y) from Sys,(x,y) according to the
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displacement. Transform Sg, (x, y), respectively, according to no motion blur applied, light
motion blur applied (short exposure time), and heavy motion blur applied (long exposure
time). Overlay the results with background Sz, (x, y) to obtain corresponding simulated
images Sgrow (X, ), Ssbrur1 (X, ¥), Sgbiur2 (¥, y) and Sgprurs (x, ).

Steel wire ropes are applied in multiple fields, and in the lifting of ultra-deep mines,
the lifting speed needs to reach 18 m/s [44]. The maximum lifting speed of the ultra-deep
mine simulation lifting test bench is simulated at 10:1 is 1.8 m/s. Based on this, the motion
trajectory is formulated, with a video capture frame rate of 30 Hz. Assuming that the
maximum speed is achieved by uniformly accelerating from 0 for 5 s, and then running at
a constant speed for 5 s, the speed is uniformly reduced to 0 within 5 s. The speed formula
is as portrayed in Formula (45), and the speed map is shown in Figure 6a. The resolution of
the image is 20 px/mm. The speed calculation for each frame is shown in Formula (46),
and the speed map is shown in Figure 6b. Four exposure times are set for ideal situations
of close to 0's,1/300s,1/100 s, and 1/60 s, respectively, corresponding to no motion blur,
light motion blur, medium motion blur, and heavy motion blur. The length formulas for
the last three types of motion blur are shown in Formula (47)—(49).

036t 0<t<5
v = 18 5<t<10 (45)
54-036t 10<t<15

8(np—1) 1<np<151
vp=1{ 1200 151 < ny <301 (46)
3608 — 8y 301 < ny < 451

Lyp1 = 0.10¢ (47)
Lypo = 0305 (48)
Lyps = 0.50¢ (49)
1500
2 f ,.dg vl.(px.-"ﬂamc)

Eé‘ s / ;E /‘;‘k"&—l‘mbl:(px)

g 1 | < 1000 L o2 (PX)

'; fg_ / — L _(px)

z | \ > “‘ mb3

%’ £ s00; /

S 05 2

- .4"‘{ 2‘\

0 5 10 15 0 200 400 600
Time t(s) Number of frames

(a) (b)

Figure 6. Graph of setting speed and motion blur length; (a) the graph of speed and time, (b) the
graph of speed and frame number, and the graph of motion blur length and frame number.

Integral of displacement per frame from initial position to v It

(i) = i%vf(j) (50)
L



Sensors 2023, 23, 8024 14 of 26

The motion-blur operator of Frame i corresponding to the exposure duration of 1/300 s,
1/100s, and 1/60 s is as follows:

Byup1,i = APSF(Lyp1 (i), —90) (51)
Rnpa,i = APSF (Lo (i), —90) (52)
Byps,i = APSF(L3(i), —90) (53)

where APSF(.) is the APSF method proposed in Section 3.1. The images of Frame i corre-
sponding to the four exposure times are as follows:

Sgrow,i = S7s (Sf(l) +1: Sf(l) + MS,Z,:) + S7p(x,y) (54)
Sgplurl,i = convn (575 (Sf(i) +1 — ceil (Lyp1 (7)) = s¢(i) + Ms, 2, ) hmbl,i) + S7p(x, y) (55)
Ssuturai = conon (Szs (sp(i) +1 = ceil(Lua () = 5(0) + Ms, ) o) + So(x,) (56)

Ssbiurs,i = convn (575 (Sf(i) +1 — ceil(Lyps (i) : s¢(i) + Ms, 2, ) hmb3,i> + S7p(x,y) (57)

A total of four groups of images can be obtained, which together form the motion-
blur video dataset based on self-similar object images. It can be found that the motion of
objects in these four groups of images is synchronous, only the motion-blur parameters
are different, and the designed motion parameters are the measured values of the ideal
displacement sensor in the real environment.

It is worth pointing out that the biggest difference between this motion-blur dataset
and other datasets is that it has images with strong motion blur while its annotation is very
accurate. So it can be used to restore and quantify MBHP.

4. Results
4.1. Error Comparison of PSF Generation Methods Based on SPEPSF

It is difficult to directly compare APSF and existing MBO generation methods (requir-
ing one-to-one correspondence between motion-blur lengths and real motion-blur images,
such as using laser displacement sensors to record object displacement while shooting
moving objects, but unfortunately, this will introduce other errors). Since the PSF sub-
pixel estimation method (SPEPSF) was optimized in Section 3.2 and, theoretically, SPEPSF
can ensure the accuracy of motion operator estimations for images with simple motion
blur, the SPEPSF method can be used to verify the effect of the proposed APSF method.
Four methods of generating a two-dimensional PSF were compared in total. Method 1
is a two-dimensional PSF calculated according to Formula (8), Method 2 is the rotation
of a one-dimensional PSF calculated according to Formula (8), Method 3 is the rotation
of a one-dimensional PSF calculated by APSF, and Method 4 is a two-dimensional PSF
calculated according to APSE. Since the motion-blur angle (90°-0) and 6 have similar ef-
fects, three representative angles, 0°, 30°, and 45°, between 0° and 45°, were taken as the
simulated motion-blur angles. The length of motion blur increased from 1 px to 60 px with
a resolution of 0.1 px. Four methods are used to calculate the two-dimensional PSF, and the
PSF is estimated by the SPEPSF method. Error comparison indicators are maximum error
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(ME) and mean square error (MSE), defined in Formulas (58)-(61). Additionally, the results

are shown in Figures 7-10 and Table 3.
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Figure 7. The motion-blur length and angle error map when the motion-blur angle is 0°; (a) Motion-

blur length error graph, (b) Motion-blur angle error graph.
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blur length error graph, (b) Motion-blur angle error graph.
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Table 3. The comparison of four MBO generation methods in terms of ME and MSE.

9=0 0 =30 0 =45
Method  n\ipg>200  MSE  ME@L>20  MSE  ME(L >20)  MSE
Method 1 0.29 0.0402 0.80 0.1314 0.60 0.1127
Method 2 0.29 0.0402 0.75 0.1095 0.58 0.0669
Method 3 0.04 0.0138 0.72 0.0930 0.32 0.0450
Method 4 0.04 0.0138 0.64 0.0664 0.08 0.0250

From Figure 7 and Table 3, it can be observed that when the motion-blur angle is
0°, the estimated motion-blur length and angle curve of the PSF generated by Methods 1
and 2 after cepstrum analysis coincide. The estimated motion-blur length and angle curve
of the PSF generated by Methods 3 and 4 after cepstrum analysis coincide. The MSE of
Methods 3 and 4 is 65.67% lower than that of Methods 1 and 2, and as the motion-blur
length increases, the effects of Methods 3 and 4 tend to be perfect, with a maximum error
reduction of 86% from 0.29 px to 0.04 px for strong motion blur above 20 pixels.
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6

Speed difference /px

Speed difference

From Figure 8 and Table 3 it can be observed that when the motion-blur angle is
30°, the PSF generated by Methods 1, 2, and 3 have significant errors in the estimated
motion-blur length after cepstrum analysis, with maximum errors of 1.85 px, 1.45 px, and
1.94 px, respectively. However, the PSF generated by Method 4 has a maximum error of
0.84 px after cepstrum analysis, and the MSE of Method 4 is reduced by 49.47% compared
to Method 1. Due to the large estimation error of the motion-blur length at small scales, the
estimation error of the motion-blur angle at small scales is greater. When the motion-blur
length is greater than 6 px, the estimation error of the motion-blur angle tends to be normal
(as shown in Figure 10). At this time, the MSE of Method 4 is reduced by 42.25% compared
to Method 1. For high-speed motion with strong motion blur greater than 20 pixels, the
maximum error is reduced by 20% from 0.80 px to 0.64 px.

From Figure 9 and Table 3, it can be observed that when the motion-blur angle is
45°, the estimated motion-blur length error of the PSF generated by Methods 1 and 2 after
cepstrum analysis has a significant fluctuation, followed by Method 3 with the smallest
error fluctuation. The MSE of Method 4 decreases by nearly 77.82% compared to Method 1,
and as the motion-blur length increases, the MSE of Method 4 tends to be at a minimum.
For high-speed motion with strong motion blur greater than 20 pixels, the maximum error
is reduced by 87% from 0.601 px to 0.079 px.

Therefore, from the perspective of testing the PSF generation methods based on
cepstrum estimation, it is believed that the proposed Method 4 performs better than the
widely used Method 1. It can be said that the PSF generated by the proposed Method 4
(APSF) tends to be more realistic.

4.2. The Recurrence and Quantification of Motion-Blur Hysteresis Phenomenon
4.2.1. Motion-Blur Hysteresis Phenomenon in Visual Tracking Using FAST-PCC

The FAST-PCC method introduced in Section 3.3 is used to track each group of images
in the motion-blur video dataset obtained in Section 3.5. Figure 11 shows the recorded error
between the inter-frame velocity detected by this method and the set inter-frame velocity,
as well as the overall displacement error.

Displacement difference
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Figure 11. Error plots of speed and displacement detected by FAST-PCC under different exposure
times; (a) Speed error chart, (b) Displacement error chart.

By comparing the speed errors and displacement errors of different exposure times in
Figure 11, it can be found that as the exposure time increases, there will be more significant
speed errors and displacement errors during acceleration and deceleration. During the
entire acceleration period, a maximum displacement error of —300 px was generated (when
the exposure duration is 0.5 times that of the inter-frame time). During the uniform motion
phase, no new displacement errors were generated, while during the deceleration phase,
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a maximum displacement error of 300 px was generated. After an acceleration uniform
deceleration operation, the total error of the object tends to go to zero. The speed error and
maximum displacement error during acceleration or deceleration are both related to the
exposure time and have a nearly linear relationship. During acceleration, the speed error is
negative, while during deceleration, the speed error is positive.

4.2.2. Motion-Blur Hysteresis Phenomenon in Visual Tracking Using Improved KCF

The improved KCF method introduced in Section 3.4 using the HOG feature is used to
track each group of images in the motion-blur video dataset obtained in Section 3.5. As this
motion-blur video dataset addresses the impact of motion blur and does not consider other
data augmentation operations, a linear kernel was chosen. Figure 12 shows the recorded
error between the inter-frame velocity detected by this method and the set inter-frame
velocity, as well as the overall displacement error.
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Figure 12. Error plots of speed and displacement detected by improved KCF under different exposure
times; (a) Speed error chart, (b) Displacement error chart.

By comparing the speed errors and displacement errors of different exposure times in
Figure 12, it can be found that as the exposure time increases, there will be more significant
speed errors and displacement errors during acceleration and deceleration. During the
entire acceleration period, a maximum displacement error of —346 px was generated (when
the exposure duration is 0.5 times that of the inter-frame time). During the uniform motion
phase, no new displacement errors were generated, while during the deceleration phase,
a total of 266 px maximum displacement errors were generated. After an acceleration
uniform deceleration operation, the total error of the object shows the same trend as the
detection results of FAST-PCC, but does not reach 0. The speed error and maximum
displacement error during acceleration or deceleration are both related to the exposure
time and have a nearly linear relationship. During acceleration, the speed error is negative,
while during deceleration, the speed error is positive. However, the fluctuation of the
velocity error and maximum displacement error detected by the improved KCF tracking
algorithm exceeds that detected by FAST-PCC.

4.3. Experimental Analysis

Since visual tracking methods are based on the comparison of characteristic values
(both the generation method and the discrimination method are the same, see Figure 1),
it can be seen from the generation method of the PSF analyzed in Section 3.1 that if the
length of motion blur is L, the motion-blur image only carries the image information of
the position moved to at the exposure cut-off moment by 57, and it is difficult to track the
actual position by this. If the motion is one-dimensional and the object motion velocity is
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assumed to remain constant during the exposure time, the expectation of the difference
between the motion velocity detected by the correlation method and the actual velocity
between the two frames should be calculated as follows:

Lmb(i) — Lmb(i — 1)

E(Uerror(i)) = >

(62)

For the accelerated motion whose velocity starts from 0, the expectation of the differ-
ence between the displacement of Frame i and the actual displacement detected by the
correlation method is:

E(Serror(i)) = i E(verror(i)) :Lm;(i) (63)

j=1

This is consistent with the experimental results in Section 4.2, that is, the velocity error
of a frame in MBHP is related to the motion-blur parameters of two consecutive frames.

The cause of MBHP: the motion-blur image carries too little information about the
position of the exposure cut-off time, which cannot support the accurate tracking of the
visual target tracking method.

The main factors influencing MBHP: the difference of the motion-blur length and
the maximum motion-blur length of two consecutive frames.

Consequences of the MBHP: For certain and indeterminable templates (such as track
by detecting), the accumulated errors on the displacement are detected, and the size of the
accumulated errors is related to the motion-blur parameters before and after the motion.
For detecting a semi-definite template (that is, a template that has timely updates), MBHP
may contaminate the template, thus causing uncertainty of location.

5. Solutions for Visual Tracking with MBHP

According to the above analysis, MBHP will produce speed differences, so compensation
values based on the speed error value can be added to the video motion detection results.

5.1. Estimation of Compensation Value of Speed Error Caused by MBHP
5.1.1. Compensation Value Based on Inter-Frame Displacement Estimation Error
According to the approximate linear relationship between inter-frame speed and

motion-blur length, the expected value of the compensation value can be calculated
as follows:

Lmb(l) — é‘mb(i _ 1) ~ Te <vpf(l) B vpf(i B 1)) (64)

E(verror(i)) = 2T,

where T, is the exposure market of each frame, T, is the interval of each frame, and Upf is
the interframe speed vy predicted by the video motion detection method.

5.1.2. Compensation Value Based on PSF Sub-Pixel Estimation Method (SPEPSF)

The PSF sub-pixel estimation method based on cepstrum-based posteriori has been
mentioned in Section 3.2. The motion-blur parameters of each frame are estimated
by Formula (36), then the expected value of the compensation value can be calculated

as follows: ‘ Ly (i) — Ly (i — 1) Le(i) — L(i—1)
E(0ormon (i) = : = E( > ) (65)

where L, (7) is the motion-blur length of Frame i estimated by the SPEPSF method. Figure 13
shows the error of the motion-blur length of the motion-blur dataset proposed in Section 3.5,
estimated by the SPEPSF method. The error is larger when the motion-blur length is small
(<5 px), and the remaining maximum error is —1.1 px, with the maximum relative error
rate of 0.2%.
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Figure 13. Error plot of motion-blur length of motion-blur dataset based on SPEPSF.

5.1.3. Compensation Value Based on No-Reference Image Quality Assessment Indicators

A uniformly accelerated image dataset with a motion-blur length ranging from 0 px to
600 px with an interval of 0.5 px is constructed from the same clear image in Section 3.5.
The inter-frame speed is defined as:

vp=n;—1 1<np <1201 (66)

Lmb = O.SUf (67)

The scores of the six NR-IQA indicators introduced in Section 2.3 are calculated,
respectively, using this dataset and shown in Figure 14. It is worth noting that the average
score of each pixel is used to adapt to pictures of different sizes. In addition, the pictures
are first converted into gray images of floating point numbers with a gray value of 0-1, and
then the gray value is amplified 100 times.

It can be clearly perceived from Figure 14 that for the dataset with a continuously
increasing motion-blur length, scores of different NR-IQA indicators are different, and
the score image of each quality assessment indicator is similar to y = 1/x. In order to
obtain general fitting results, the score of each indicator was multiplied by the power of the
motion-blur length, making it linearly mapped to y = x, and the MSE of it and the straight
line y = x was calculated for comparison as Formula (68).

1 600 Scoreeimod X LF 2
MSE ,oth04 = min ( Z <meo — L) (68)
e 1201, X705 ¢

The parameters and MSE fitted by each method are shown in Table 4.

Table 4. The parameters and MSE fitted by each NR-IQA indicator.

Indicator Brenner Tenengrad  Laplacian SMD SMD2 EOG
z 1.704 1.251 1.235 1.383 2.442 1.704
c 177.5764 12.1532 7.1211 10.8109 217.9918 177.5764

MSE 119.1523 21.4488 5.0214 22.2483 827.8391 119.1523
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Figure 14. Score graphs for six NR-IQA indicators. (a) Brenner, (b) Tenengrad, (c) Laplacian, (d) SMD,
(e) SMD2, (f) EOG.
It can be seen from Table 4 that the sorting result from small to large based on MSE is:
Laplacian, Tenengrad, SMD, EOG, Brenner, and SMD2. The MSEs of Laplacian, Tenengrad,
and SMD are one or two orders of magnitude lower than the MSEs of the last three
methods. So, Laplacian, Tenengrad, and SMD indicators are applied to the motion-blur
length estimation of the dataset in Section 3.5 and the results are shown in Figure 15.
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Figure 15. Error plot of motion-blur length estimated based on NR-IQA indicators under different
exposure times. The exposure time is (a) 0.1, (b) 0.3, and (c) 0.5 times that of the inter-frame time.

From Figure 15, it can be seen that the motion-blur length estimated by the Laplacian
indicator is smaller than the error based on SMD and Tenengrad under three exposure
durations, all within £15 px. Based on this, it is recommended to use the Laplacian-
based NR-IQA indicator to estimate and calculate the compensation value of MBHP. The
estimated compensation value is calculated as follows:

Lmb(i) - Lmb(i - 1) _ LLe<i) - LLe(i - 1)
2

2

E(Uerror (Z) ) = (69)

where Ly, (i) represents the motion-blur length of Frame i, estimated by using Laplacian
scores fitting images with different motion-blur lengths.
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5.2. Implementation and Comparison of Compensation Values

The paradigm of visual tracking detection (shown in Figure 1) is modified based on
error compensation for MBHP, and the modified visual tracking flowchart is shown in
Figure 16. Compared to Figure 1, Figure 16 adds an MBHP compensation value loop and
the detection target is directly set to the change value of displacement.

Error compensation values of MBHP
14
P — w # W update

Feature
Exiracior

update

mma (X, dy)
Detection Results

error #Operation series 1

estimator

g Operation series 2

Observation
Models

Sarch boxes

Motion
Tracker

Features

Figure 16. General flow chart of visual tracking displacement detection with error compensation
for MBHP.

The compensation values for the inter-frame velocity were calculated according to
Figure 16, and Formulas (64), (65), and (69), and we compensated for the video tracking
results calculated based on FAST-PCC in Section 4.2.1. The compensated velocity error
and total displacement error are shown in Figures 17-19, where Figure 17 represents
the compensated result when the exposure time is 0.1 times that of the inter-frame time,
Figure 18 represents the compensated result when the exposure time is 0.3 times that of
the inter-frame time, and Figure 19 represents the compensated result when the exposure
time is 0.5 times that of the inter-frame time. It can be observed that the speed error
detected after adding speed compensation values tends to be 0, and the displacement error
is significantly reduced compared to Figure 11. The maximum displacement error of the
three compensation methods is only 9.5 px (the compensation value estimated based on
the NR-IQA indicator is the result after compensation when the exposure time is 0.5 times
that of the inter-frame time), which is 96.8% less than the maximum displacement error
before compensation (300 px, Figure 11).

The three compensation values mentioned above are sufficient for their respective
advantages and limitations. A compensation value based on an inter-frame displacement
estimation error depends on the accuracy of displacement detection, and it is necessary
to know the exposure time information in advance, which is not applicable to some in-
complete image sequences. Compensation values based on SPEPSF can have good results
for the original image or colored noise with Gaussian-white noise or noise with even no
fixed frequency. However, for lossy compressed images, the residual frequency informa-
tion after applying cepstrum transformation will interfere with the estimation of the PSF.
Compensation values based on NR-IQA indicators will be affected by other fuzzy forms of
interference. Therefore, for general motion-blur scenes, the compensation value of MBHP
can be selected according to the specific situation.
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Figure 17. Compensated velocity error and total displacement error plot when exposure time is

0.1 times that of the inter-frame time; (a) velocity error plot, (b) displacement error plot.
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Figure 18. Compensated velocity error and total displacement error plot when exposure time is

0.3 times that of the inter-frame time; (a) velocity error plot, (b) displacement error plot.
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Figure 19. Compensated velocity error and total displacement error plot when exposure time is

0.5 times that of the inter-frame time; (a) velocity error plot, (b) displacement error plot.

6. Discussion and Conclusions

In this work, the motion-blur hysteresis phenomenon (MBHP) in visual tracking
and displacement detection was discovered, which can cause cumulative errors and con-
sequences in target tracking and the detection of objects with long-term acceleration or
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deceleration movements. By re-modeling the video shooting process, the APSF method
was obtained. Using a cepstrum-based subpixel PSF estimation method (SPEPSF), it was
verified that the MBO generated, based on an APSF method, has a smaller and more stable
error compared to the actual MBO than the existing MBO generation methods. The overall
error of MSE decreased by 49.47-77.82%, and the ME of the strong motion blur with a
motion-blur length above 20 px decreased by 86-87%. Using the characteristics of long
self-similarity objects and the APSF method, a motion-blur video dataset that is closer to
the actual motion is constructed.

The APSF method may seem complex, but it has been packaged as MATLAB func-
tions. Its source code has been added to the link in the Data Availability Statement. In
addition, it can be interchanged with the built-in PSF generation function in MATLAB.
Other developers are also welcome to develop it again.

MBHP was replicated in tracking experiments on a motion-blur video dataset using
FAST-PCC and improved KCF tracking methods. The replication experiments showed
that the error in the detected inter-frame velocity caused by MBHP is close to half of
the difference of the motion-blur length between two consecutive frames. Therefore, it is
particularly evident in motion with long time acceleration or deceleration and high absolute
values of inter-frame acceleration.

Here, we explored the causes, impacts, and possible consequences of MBHP. The
reason for MBHP is that the motion blurred image carries too little image information
about the exposure cut-off position, which cannot support the accurate tracking of visual
object tracking methods. The main factors affecting MBHP are the difference in the motion-
blur length between two consecutive frames and the maximum motion-blur length. The
consequence of MBHP is that for the tracking of fixed and uncertain templates (such as track
by detection), it will cause cumulative errors in the displacement, and the magnitude of the
cumulative errors is related to the motion-blur parameters before and after the motion. For
the tracking of semi fixed templates (i.e., templates that are updated in a timely manner),
MBHP will cause template contamination, resulting in positioning uncertainty. In reality,
the impact of this phenomenon can be reduced by setting a smaller exposure time and
reducing the relative speed between the camera and the object.

Finally, a general flow chart of visual tracking displacement detection with error
compensation for MBHP is also included in this manuscript in Figure 16. It can be easily ap-
plied to other visual tracking methods and applications. MBHP suppression methods were
proposed from three perspectives: compensation values based on inter-frame displacement
estimation errors, SPEPSFE, and NR-IQA indicators to weaken the impact of MBHP and
facilitate selection in different tasks and environments. The experimental results show that
the proposed MBHP error suppression method can reduce MBHP errors by more than 96%.

This work has a good complementary effect on detection tasks involving motion blur,
especially those involving long-term acceleration and deceleration motions and strong
motion blur. From a higher dimension, it can improve motion detection accuracy while
maintaining a high image resolution, that is, it can improve the temporal resolution while
maintaining a high spatial resolution. However, due to the differences in real scenarios,
we did not find a permanent method to suppress MBHP, but instead used three different
suppression methods. We hope to find a more robust solution in the future.
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Abbreviations

Abbreviation Definition

PSF the point spread function

MBO motion-blur operator (the PSF of motion blur)
MBHP motion-blur hysteresis phenomenon
SPEPSF PSF sub-pixel estimation method

APSF a more accurate PSF generation method
PCC the Pearson Correlation Coefficient

MSE mean square error

IQA image quality assessment

FR-IQA full-reference image quality assessment
SR-IQA semi-reference image quality assessment
NR-IQA no-reference image quality assessment
DCP dark channel priori

BCP bright channel priori

ME maximum error
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