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Abstract—Sperm selection plays a significant role in in vitro fertilization (IVF). Approaches for assessing sperm quality include
noninvasive techniques based on sperm morphology and motility as well as invasive techniques for checking DNA integrity. In
2006, a new device using hyaluronic acid (HA)-coated dish for
sperm selection was cleared by the Food and Drug Administration (FDA) and entered IVF clinics. In this technique, only sperms
with DNA integrity bind to the HA droplet, after which these bound
sperm stop revealing head motion and their tail movement becomes
more vigorous. However, selecting a single sperm cell from among
HA-bound sperms is ad hoc in IVF clinics. Different from existing sperm tracking algorithms that are largely limited to tracking
sperm head only and are only able to track one sperm at a time,
this paper presents a multisperm tracking algorithm that tracks
both sperm heads and low-contrast sperm tails. The tracking results confirm a significant correlation between sperm head velocity
and tail beating amplitude, demonstrate that sperms bound to HA
generally have a higher velocity (before binding) than those sperms
that are not able to bind to HA microdots, and quantitatively reveal that HA-bound sperms’ tail beating amplitudes are different
among HA-bound sperms.
Index Terms—Beating amplitude, hyaluronic acid (HA), multiple sperm tracking, sperm selection, sperm tail.

I. INTRODUCTION
HE mechanisms of natural sperm selection are not well
understood. It is accepted, however, that the sperm selection mechanisms play a great significant role for the inheritance
of superior health traits such as disease resistance, offspring
survival, and fecundity [1], [2]. In natural human conception,
sperm selection occurs as a healthy sperm actively seeks out and
fertilizes an egg. However, for couples having infertility issues,
assisted reproduction technologies are required to address their
reproductive needs. For instance, in intracytoplasmic sperm injection (ICSI), an embryologist selects a single sperm and injects
it into an oocyte (i.e., egg cell) to overcome issues such as male
infertility [3]. This IVF procedure bypasses the physiologic and
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biologic barriers for sperm selection and demands the operator
to select high-quality sperms.
The criteria for sperm assessment provided by the World
Health Organization are vitality, morphology, and motility [4].
In IVF, sperm selection is commonly based on sperms’ motility
and morphology attributes. A widely used method for sperm
selection is motile sperm organelle morphology examination
[5], [6]. Sperm motility is also a widely accepted criterion for
sperm quality assessment. The past few decades have witnessed
the development of computer-assisted sperm analysis (CASA)
methods for measuring both sperm morphology and motility [7].
Recently, an emerging methodology was introduced for selecting viable sperms with a high level of DNA integrity. In
order to noninvasively select a healthy sperm, Huszar’s group
proposed the use of a hyaluronic acid (HA) assay [8]. HA is
a linear polysaccharide in the extracellular matrix of cumulus
oophorus around the oocyte and plays an important role in natural human fertilization [9]. A series of studies on HA-based
sperm selection confirmed that the HA assay is able to select
healthy sperms with no DNA damage [10], [11], and has received FDA approval. In the HA assay, sperms that bind to HA
microdots are proven to have a higher level of DNA integrity
compared to those unbound sperms. When a sperm binds its
head to an HA microdot, the sperm loses its progressive movement and the tail beating motion becomes more vigorous. The
sperm tail beating amplitude becomes the only parameter to
differentiate the HA bound sperms from each other, calling for
techniques to quantify HA-bound sperms’ tail beating motion.
Several algorithms have been reported for tracking multiple moving objects. Model-based tracking algorithms incorporate priori information about the objects to develop representations such as skin complexion [12], shape [13], kinematic skeleton [14], silhouettes [15], or layer information [16].
Appearance-based approaches apply recognition algorithms to
track objects in eigenspace [17] derived from observations or
in kernel space [18]. The correspondence of multiobject tracking becomes complex with the presence of occlusions, misdetections, entries, and exits of objects. Algorithms for solving
the problems of nearby confuser and objects occlusion/overlap
include deterministic methods [19], single object state estimation (e.g., Kalman filter [20], particle filter [21]), and multipleobject data association and state estimation (e.g., global nearest
neighbor method [22] and joint probability data association filter [23]). Due to color uniformity and shape similarity of sperms,
multisperm tracking has not been well studied.
Several algorithms have been developed to track sperm trajectories, measure sperm velocities, and evaluate sperm energetics [24]–[26]. Shi et al. reported a single-sperm tracking

0018-9294/$31.00 © 2012 IEEE

LIU et al.: QUANTITATIVE ANALYSIS OF LOCOMOTIVE BEHAVIOR OF HUMAN SPERM HEAD AND TAIL

algorithm based on a four-class thresholding method to extract
a single sperm in a small region of interest [27]. The method
is limited to tracking a single sperm and is incapable of multisperm tracking. Nafisi et al. demonstrated a template matching algorithm for sperm tracking. The algorithm is insensitive
to image acquisition conditions [28]. However, this algorithm
relies on user input to obtain the sperm’s initial position and
cannot track multiple sperms. Existing algorithms for sperm
tracking are largely limited to sperm head tracking. The small
size (≤1 μm in thickness) and low contrast of sperm tails under
optical microscopy make sperm tail tracking challenging. In our
previous study [29], a maximum intensity region algorithm was
developed for sperm tail tracking. The tracking algorithm, without proper filtering, can be susceptible to disturbances, such as
overlapping of the target sperm with other sperms or debris and
changes in lighting conditions.
In this paper, we report an approach for tracking both sperm
head and tail. We use a motion template method to detect and
track multiple moving sperms, and integrate a Kalman filter to
the maximum intensity region algorithm to locate the sperm
tail’s position. With the positions of the sperm head and tail
detected, the sperm’s velocity and tail beating amplitude were
measured. Experimental results demonstrate that there is a significant correlation between the sperm velocity and its tail beating amplitude. We also analyzed sperm motility and the tail
beating movement on HA coated dishes. We found that sperms
with a higher level of motility are more likely to bind to the HA
microdots, and the sperm tail beating amplitude significantly
increases after a sperm binds to the HA microdots. Quantitative
analysis of sperm tail’s beating amplitude can provide useful
information for sperm selection.
II. EXPERIMENTAL SETUP AND DESIGN
A. Experimental Setup
Human sperm samples were tested under a standard inverted
microscope (bright field imaging, Nikon TE2000-S). A 20× objective with a numerical aperture of 0.45 was used (CFI Plan
Fluor ELWD, Nikon). A CMOS camera (601f, Basler; resolution: 640 × 480) was connected to the microscope to capture
images at a frame rate of 30 frame/s.
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Fig. 1. Experiment design. (a) and (b) Experiment 1: a sperm changed its
position between two frames. (c) and (d) Experiment 2: a sperm was moving
toward an HA microdot and then bound to the HA microdot.

The second experiment was designed to investigate the difference of sperm velocity and tail beating amplitude between
HA bound sperms and those unbound ones. Human sperms
were analyzed in a PICSI dish (MidAtlantic diagnostic, Mount
Laurel, NJ) with HA microdots coated at the dish bottom. The
microdots were first hydrated by placing 10 μl droplets of human tubal fluid, and were added with 10 μl SpermCatch. Human sperm was then placed on the HA microdots, which were
covered with mineral oil to prevent the culture medium from
evaporation. The experiment was conducted at room temperature. Some sperms were observed to bind to the microdots after
5 min. Fig. 1(c) shows that a sperm was moving toward an HA
microdot, and Fig. 1(d) shows the same sperm bound to the HA
microdot. When a sperm bound to the HA microdot, its head
motion stopped and its tail beat vigorously. In contrast, sperms
that might have DNA defects swam freely on top of the HA
microdots without binding. In this experiment, the head velocity of HA bound sperms before binding and the head velocity
of unbound sperms were measured and compared. The increase
of sperm tail beating amplitude after a sperm binds to an HA
microdot was also measured.
III. SPERM TRACKING

B. Experimental Design

A. Overview

We first investigated the correlation between sperm velocity
and sperm tail beating amplitude. In this experiment, human
sperms were placed in a Petri dish containing a standard medium
(SpermCatch, NidaCon International). Mineral oil was used to
cover the medium to prevent evaporation. Fig. 1(a) and (b)
shows a sperm changed its position between the two image
frames. Sperms that had linearly progressive movement for at
least 2 s were taken into consideration. To evaluate the linearity
of the sperm motion, sperm’s average VCL and straight line
velocity were calculated by measuring the sperm’s head position
in each frame. Additionally, the sperm tail beating amplitude
was measured using the sperm tail tracking algorithm.

In both experiments described in the previous section, the
sperm velocity and tail beating amplitude are calculated in every
frame of image. The algorithm consists of three steps. The first
step tracks the sperm head and uses its position to calculate the
sperm curvilinear velocity (VCL), straight line velocity (VSL),
and linearity of the sperm’s moving path. In the second step,
the sperm tail region of interest (STROI) is extracted. STROI
extraction is an extrapolation process that calculates the region
in which the sperm tail is located by using information from
the first step. The STROI is used to capture the tail tip region
of the sperm. Once the STROI is found, the maximum intensity
region (MIR) algorithm is used to locate a point on the sperm
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Fig. 2. Tracking multiple sperm heads. (a) Red dots are tracked sperm heads.
(b) Corresponding motion history image.
TABLE I
DYNAMIC REPRESENTATION OF SPERM POSITIONS IN THE MULTISPERM
TRACKING ALGORITHM
Position

Sperm
1

2

...

J

J +1

Frame
i

Pi1

Pi2

...

PiJ

i+1

Pi+1,1

Pi+1,2

...

Pi+1,J

i+2

Pi+2,1

...

Pi+2,J

i+3
..
.

Pi+3,1
..
.

...
..
.

Pi+3,J
..
.

Pi+3,J+1
..
.

that the second sperm has moved out of the field of view. On the
other hand, when a sperm newly moves into the field of view, it
is added into the data column. For instance, a new sperm moves
into the field of view at frame i + 3. Correspondingly, a new
column is added (see the last column in Table I).
To track an individual sperm, the direction vector of the sperm
is used as a unique identifier to distinguish it from other sperms
with similar color and shape. By denoting the position of the
jth sperm at i + 1 frame as Pi+1,j , the sperm’s direction vector
is Dij = Pi+1,j − Pi,o , where o ∈ [1, J]. We found experimentally that the maximum moving distance of fast sperms between
two consecutive frames is approximate 3.86 μm (i.e., 8 pixels).
Therefore, if the distance between the jth sperm’s position at
frame i + 1 and the oth sperm’s position at frame i is less than 8
pixels (i.e., Dij  < 8), these two sperms are recognized as the
same sperm (i.e., o = j). There may be instances in which two
or more sperms at frame i + 1 have a distance less than 8 pixels
to the jth sperm in frame i. The average movement direction in
previous 30 frames, Dj , is then used as a unique identifier to
determine which sperm is the correct jth sperm
1
Di−k ,j.
30
30

Dj =

(1)

k =1

tail within the STROI. Finally, a Kalman filter is used to improve
the accuracy of the located point on the sperm tail.
B. Sperm Head Tracking
There are typically multiple sperms moving randomly within
a field of view. In order to detect the sperm heads simultaneously,
a multitarget tracking algorithm was developed. For a specific
single sperm, a silhouette image of this sperm is obtained by
subtracting two consecutive frames. The silhouette image is
then binarized by applying a threshold (i.e., 60) to suppress the
background noise. When this sperm moves, new silhouettes are
captured and overlaid to the old silhouette that fades over time.
The time duration of every silhouette is set to be 0.5 s. The
sequentially fading silhouettes record the motion history of this
sperm. Using this method, a motion history image (MHI) [30]
of all the moving objects in the same field of view is obtained,
as shown in Fig. 2(b). The position of each moving object is
calculated from its central moment in the MHI. Among these
moving objects, there are some objects with very little motion
caused by those sperms with extremely low motility or by Brownian motions of debris. These objects are excluded by applying
morphological transformations (i.e., erosion and dilation) to the
MHI. Fig. 2(a) shows the detected moving sperms.
To track multiple sperms, the position history of each sperm
is recorded and managed in the multiple sperm tracking algorithm, as summarized in Table I. When J sperms are detected
at frame i, Pij represents the position of the jth sperm at frame
i. When a sperm moves close to the edge of the image and its
moving direction is toward the boundary, it is considered swimming out of the field of view. The algorithm then terminates the
corresponding data column for this sperm. As shown in Table I,
the second column disappears after frame i + 1, which means

The candidate sperm s that produces the minimum Euclidean
distance value is considered the same jth sperm in the previous
frame i
s = min Dm − Dj 
m ∈[1,M ]

(2)

where M is in frame i + 1 the total number of sperms close to
the jth sperm (i.e., Dij  < 8) and Dm is the distance vector
between the candidate sperm and the jth sperm.
Assume that the jth sperm enters the field of view at frame
i and swims out of the field of view at frame i + N . With the
sperm position detected in each frame, the travel distance of the
jth sperm between two consecutive frames can be determined
from its direction vector Dij . The VCL, which is the average
velocity of the sperm head along its actual curvilinear path, is
VCLj =

N −1
1 
Di+k ,j .
N

(3)

k =0

The VSL, which is the average velocity of the sperm head along
the straight line between its first and last detected position, is
VSLj =

Pi+N ,j − Pij
.
N

(4)

The linearity (LIN) of the sperm’s curvilinear path is
LIN =

VSL
VCL

(5)

where LIN is the linearity measure (0 ≤ LIN ≤ 1). A higher
LIN value means that the sperm’s moving path is more linear.
Healthy energetic sperms with progressive/linear movement are
desired (versus those traveling in circles for instance) in sperm
selection. In our experiments, only those sperms having a LIN
value greater than 0.9 were considered for further analysis.
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of the image contrast. On the other hand, too many consecutive
frames would add too much sperm tail’s history information that
can influence the sperm tail tracking accuracy. Experimentally,
we determined that six consecutive frames were appropriate to
use for forming a flicker image
f (i) =

5


|I(i − k) − I(i − k − 1)|

(7)

k =0

Fig. 3. Sperm tail tracking. (a) Sperm head position is found. (b) STROI is
determined. (c) 5 × 5 windows are scanned to locate the section with the highest
intensity sum in the flicker image. The center point (blue dot in figure) of the
section is considered the tail location. (d) Based on the blue dot position found
in the flicker image, Kalman filter is applied to improve the accuracy of located
sperm tail position.

C. Sperm Tail Tracking
After the sperm head position is detected, the sperm tail tracking algorithm extracts an STROI. As shown in Fig. 3(b), the
STROI is determined using the sperm head position and the
average direction vector of its movement. The average direction
vector Dj is used instead of the direction vector Dij because the
sperm may exhibit abrupt changes in movement direction between two consecutive frames. By averaging the direction vectors of the sperm across a number of frames (e.g., 30 frames), the
effect of abrupt changes in the sperm moving direction between
frames is mitigated and the extraction of STROI becomes more
robust.
The STROI’s center position in the i frame Tij is determined
by subtracting a scaled value of the direction vector from the
sperm head’s centroid
Tij = Pij − a ·

Dj
Dj 

(6)

where a is a scalar value determined by the human sperm length.
Under the 20× magnification, the average length of human
sperms is approximately 90 pixels (i.e., a = 90). After the center
position is found, a 25 × 25 region of interest is taken as the
STROI. The size of 25 × 25 provides a sufficient tail search
area that takes into consideration a range of sperm tail length
variations and sperm tail beating amplitudes.
After finding the STROI, the algorithm verifies that a tail
is present in the STROI. The fundamental feature of flicker
is extracted by taking the absolute difference between several
consecutive inverted grayscale image frames. A higher number
of frames to form the flicker image results in more enhancement

where f (i) is the flicker image extracted at frame i, and I
represents the grayscale images containing the sperm of interest
in frame i to frame i − 5. Each pixel in the flicker image is
squared to enhance the pixel values of areas in which the tail
is present. The sum of pixel value in the STROI of the f (i)
image is used as a measure to determine the presence of a
sperm tail. If the pixel sum is above a specified threshold value,
a tail is considered present. The threshold value was found
experimentally by comparing the pixel sum values of STROI
images in which a tail exists against cases where no tail exists.
An example flicker image is shown in Fig. 3(c). If the pixel sum
is below a threshold value, no tail is found inside the STROI.
This situation can occur when the sperm of interest moves out
of focus, resulting in the disappearance of the sperm tail.
Once the sperm tail is determined to exist within the STROI,
the MIR algorithm uses the flicker image to locate a point on the
sperm tail. By extracting the flicker feature of the sperm tail, as
shown in Fig. 3(c), the position of the sperm tail can be detected.
This approach overcomes the challenges that arise from the lowcontrast image of the sperm tail in a single frame. The algorithm
first finds the location of maximum intensity within the 25 × 25
STROI of the flicker image. This is accomplished by evaluating
the sum of the intensity values inside a 5 × 5 window at a spatial
sampling interval of 5 pixels in both the x and y coordinates
of the STROI flicker image. The center position of the 5 × 5
window with the highest intensity is considered the tail location
(i.e., a point on the sperm tail).
The located point on the sperm tail is often inaccurate because
the flicker image contains noises caused by some dark debris or
by other sperms entering the STROI. Therefore, a Kalman filter
is applied to correct the measured point on the sperm tail. In
order to model the sperm tail motion, the sperm tail’s location
and velocity in the image coordinate are chosen as state variables
(i.e., X = [x y Δx Δy]T ). The model of the sperm tail motion
is
Xk = AXk −1 + wk

(8)

where
⎡

1
⎢0
A=⎣
0
0

0
1
0
0

1
0
1
0

⎤
0
1⎥
⎦
0
1

and wk is noises affecting the actual state of the sperm and is
assumed to have a Gaussian distribution, (N (0, Qk )).
The sperm tail’s position is calculated according to
Zk = HXk + vk

(9)
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TABLE II
PERFORMANCE COMPARISON BETWEEN MHI-BASED MULTISPERM TRACKING
AND GNN-BASED MULTISPERM TRACKING

Algorithms

ATE

FP

FN

FIT

FIO

MHI

0.85

3

15

33

28

Shape & GNN

1.23

21

7

54

48

where
H=

1
0

0
1

0
0

0
0

and vk is the measurement noise, which is also assumed to have
a Gaussian distribution (N (0, Rk )). Rk is chosen based on the
estimate of how accurately the sperm tail’s positions are detected
using the MIR algorithm.
Based on the dynamic model, a priori estimate of the state is
computed (Xk |k −1 = AXk −1|k −1 + wk ). The error covariance
is denoted as Pk |k −1 . The priori estimate for this covariance at
time k is then determined by
Pk |k −1 = APk −1|k −1 AT + Qk .

(10)

With the priori estimate of the state Xk |k −1 and the measurement
Zk (i.e., detected results using the MIR algorithm), the real state
of sperm tail is optimized by
Xk |k = Xk |k −1 + K(Zk − HXk |k −1 )

(11)

where K is the Kalman gain and is given by
K=

Pk |k −1 H T
.
HPk |k −1 H T + Rk

(12)

After the optimized sperm tail’s position is found, the sperm
tail beating amplitude inside the STROI is computed. The relative position inside the STROI in frame i is denoted by P Ti .
The sperm tail beating amplitude A is
1
P Ti − P T 
N i=1
N

A=

(13)

where P T is the sperm tail’s average position inside the STROI
and N is the number of frames until when the sperm tail is
successfully detected.
IV. EXPERIMENTAL RESULTS AND DISCUSSION
The multisperm head tracking algorithm based on MHI was
evaluated and compared with the multiple-object tracking algorithm which uses sperm head shape and the global nearest
neighbor (GNN) data association method [22]. Both algorithms
were applied to the same video clips (476 s in duration) in
which more than 200 sperms were present. The evaluation criteria are average tracking errors (ATE), false positive (FP) rate,
false negative (FN) rate, false identified trackers (FIT), and false
identified objects (FIO), as defined in [31].
As summarized in Table II, the average tracking error of
MHI-based algorithm (0.85 pixel) is less than that of shapebased detection algorithm (1.23 pixel). Shape-based multisperm
tracking algorithm also has a higher FP rate than the MHI-based

Fig. 4. Failure cases in sperm head tracking. (a) False positive detection of
sperm head in shape-based tracking is caused by the stationary object/particle
with a shape similar to sperm head. (b) False negative case: shape-based detection algorithm fails to detect the sperm head that has an abnormal head shape.
(c) False positive detection of sperm head in MHI-based detection is caused by
moving debris. (d) False negative case: MHI-based detection algorithm fails to
detect stationary/slow-moving sperms.

tracking algorithm. The FP cases in shape-based tracking were
mainly caused by stationary foreign objects (contaminant particles) with a similar shape as the sperm head [see Fig. 4(a)].
Since these objects were largely stationary, they had little effect
on MHI-based tracking. The FP cases in MHI-based tracking
were caused by cell debris moving with the fluidic flow when
sperms were swimming nearby [see Fig. 4(c)]. The experimental
results demonstrate that the shape-based tracking algorithm is
more susceptible to background noise and is not always effective
in filtering debris/particles that have similar shapes as the sperm
head. On the other hand, the MHI-based multisperm tracking
approach is more robust to background noise and disturbances
from foreign stationary particles. The MHI-based tracking algorithm also outperforms the algorithm using GNN data association in terms of FIT and FIO. The GNN data association method
only considers sperm head’s position in the last frame. Thus, it
is not effective in dealing with abrupt movement changes between two consecutive frames. In the MHI-based algorithm, the
effect of abrupt changes in sperm movement between frames
is mitigated by averaging sperm’s movement direction vector
across a number of frames.
It needs to be noted, however, that the MHI-based sperm head
tracking algorithm has a higher value of FN than the shape-based
multisperm tracking algorithm. This is because the MHI-based
algorithm cannot detect stationary sperms. In IVF, only motile
sperms are of interest for analysis. Therefore, this drawback of
MHI-based sperm tracking algorithm does not constrain its applicability in sperm selection. The FN cases in shaped-based
and MHI-based algorithms are shown in Fig. 4(b) and (d),
respectively.
The sperm tail tracking algorithm was evaluated by measuring
the Euclidean distance error between the detected tail point and
the actual sperm tail position. The actual position was carefully
identified/input by a user for each frame via computer mouse
clicking. Table III summarizes the average Euclidean distance
error for five additional videos. The overall average Euclidean
distance error for the MIR algorithm integrated with Kalman
filtering is 1.43 pixels (0.69 μm), while the error for the MIR algorithm without Kalman filtering is 1.95 pixels (0.95 μm). This
result indicates that Kalman filtering is effective in improving
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TABLE III
AVERAGE ERROR OF SPERM TAIL TRACKING
Video

V1

V2

V3

V4

V5

Average

Duration (sec)

3.83

6.67

3.83

4.60

3.87

4.56

MIR (pixels)

1.16

2.73

1.83

2.02

1.98

1.95

With Kalman (pixels)

0.97

2.53

1.05

1.39

1.25

1.43

Fig. 6. Sperms on a PICSI dish with HA microdots. (a) Sperms binding after
5 min. (b) Sperms binding after 30 min.

Fig. 5. Correlation between sperm velocity and tail beating amplitude. Pearson’s correlation coefficient r = 0.7225.

the sperm tail tracking accuracies of the MIR algorithm. When
the MIR algorithm failed to track the sperm tail due to the overlap with other sperms or occlusion by debris, Kalman filtering
was able to estimate the sperm tail’s position based on the motion model.
To investigate the correlation between the sperm head velocity and the tail beating amplitude, we chose 30 sperms showing
good progressive movements (LIN > 0.9). The tracking algorithms described in Sections III(B) and III(C) were used to
measure their head velocity and the tail beating amplitude. We
processed the measured data using a linear regression model.
As shown in Fig. 5, there is a statistically significant correlation
between the head velocity and sperm tail beating amplitude.
Bivariate association between sperm velocity and sperm tail
beating amplitude was evaluated by Pearson’s correlation coefficient. Tracking data captured on the 30 sperms show that
Pearson’s correlation coefficient was 0.7225 and the p-value
was lower than 0.0001. This result quantitatively demonstrates
that the sperm’s head velocity is proportional to its tail beating
amplitude.
In the HA binding experiment, the heads of the HA bound
sperms became stationary, and their tail movements became
more vigorous. The process of sperm binding to the HA microdots was recorded at 30 frames/s. Fig. 6(a) and (b) show
sperms binding to the HA microdot at 5 and 30 min, respectively. If a moving sperm was detected to stop in the region of
HA microdots, this sperm was considered successfully binding
to HA. In contrast, if a moving sperm passed the HA microdot
and disappeared out of the image boundary, it was considered
an HA-unbound sperm. During the process of sperm binding to
the HA microdots, the head velocity of the HA-bound sperms

Fig. 7. Velocity comparison between the HA-bound sperms (n 1 = 30) and
unbound sperms (n 2 = 30).

Fig. 8. Tail beating amplitude of the same sperms before and after binding to
HA microdots.

before binding was measured. The HA-bound sperms were compared to those unbound ones in terms of their head speed. As in
the first experiment, only those sperms that exhibited linearly
progressive movement were analyzed. The result, as shown in
Fig. 7, demonstrates that the HA-bound sperms tended to have
a higher head velocity than those unbound sperms. The HAbound sperms had an average head velocity of 76.28 μm/s with
a standard deviation of 21.25 μm/s, while the average head velocity of those unbound sperms was 50.45 μm/s with a standard
deviation of 15.52 μm/s.
We also observed in the HA binding experiment that after the
sperms bound to the HA microdots, their tails beat more vigorously. The tail beating amplitude was measured on the same
sperms before and after they bound to the HA microdots. Fig. 8
shows sperm tail beating amplitude before and after binding to
the HA microdots. The average amplitude produced by these 30
HA-bound sperms was 5.31 μm (before binding) and 6.93 μm
(after binding). These results, for the first time, quantitatively
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reveal an increase in sperm tail beating amplitude before and after a sperm binds to an HA microdot. The results also quantify
differences in sperm tail beating amplitude across HA-bound
sperms. The measurement of sperm tail beating amplitude can
possibly be used as an additional criterion for sperm selection
among HA-bound sperms.
V. CONCLUSION
This paper presented visual tracking algorithms for tracking both the head and tail of motile human sperms. The sperm
head tracking algorithm is capable of tracking multiple moving
sperms with a high success rate. Based on the sperm head’s position and its motion direction vector, the STROI is located. In
this region of interest, the MIR algorithm together with Kalman
filtering determines the sperm tail position. The sperm head
and tail tracking algorithms enabled a number of new findings. A significant correlation between sperm head velocity and
tail beating amplitude was found, suggesting that stronger tail
propelling produces a higher velocity. The results also reveal
that sperms bound to HA generally have a higher velocity (before binding) than those sperms that are not able to bind to
HA microdots. This discovery “unifies” the conventional sperm
assessment criterion based on sperm velocity/motility and the
most recent HA assay technique. Among the sperms bound to
HA microdots, their tails produce different beating amplitudes.
Measuring such amplitude differences quantitatively can possibly be used as a new, useful sperm selection criterion among
HA bound sperms.
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