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ABSTRACT Sperm motility measurement using computer assisted sperm analysis (CASA) has been
widely accepted as a substitute for manual measurement but still faces several challenges. In the tracking
phase, tracking errors caused by detection failure often occur when measuring fresh bull semen. Tracking errors occur for two reasons: (1) the sperm move very fast, which makes them appear blurry, and
(2) partial occlusion, which frequently occurs. This study proposes the mean angle of sperm motion and
Tracking-Grid to predict the position of the sperm that failed to be detected. The Tracking-Grid has also
been found useful in tracking fast-moving sperm. The proposed methods reduce identity switch (ID-switch)
and achieve a multi-object tracking overall accuracy (MOTAL) of 73.2. The MOTAL result exhibits 5%
less ID-switch and is 15.6 MOTAL points higher than state-of-the-art simple online and real-time tracking
with a deep association metric (Deep SORT). The speed achieved is 41.18 frames per second (fps), which
is 1.8 times faster than Deep SORT. In sperm motility classification, most researchers use one or several
CASA parameters with a static threshold value. Such a method is effective for motile-progressive sperm
classification but is less reliable for identifying non-motile-progressive sperm such as vibrating and floating
sperm. This study proposes a machine learning-based motility classifier using a support vector machine
with three CASA parameters: curvilinear velocity (VCL), straight-line velocity (VSL), and linearity (LIN),
which we call the bull sperm progressive motility classifier (BSPMCsvm3casa ). Experimental results show
that BSPMCsvm3casa ’s mean accuracy is 92.08%, which is 2.51–9.67 points higher than other classification
methods.
INDEX TERMS Computer assisted sperm analysis, object tracking, sperm motility classification, sperm
tracking.
I. INTRODUCTION

Along with the population growth, the demand for beef for
Indonesian citizens is increasing. However, the increase in the
amount of beef production is not as fast as the community’s
increasing meet needs. This deficit was met with imports
of a huge value (Rp. 4.27 trillion per year in 2016) and
continued to increase from year to year [1]. In Indonesia,
artificial insemination technology is the single most applicable reproductive technology for increasing livestock production, especially bull/cow. For the implementation of artificial insemination, high quality cryopreserved bull semen is
required. The Lembang Institute for Artificial Insemination
The associate editor coordinating the review of this manuscript and
approving it for publication was Davide Patti
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(Balai Inseminasi Buatan/BIB, Lembang, Indonesia) is
mandated by the government to provide high quality cryopreserved bull semen in sufficient quantity for artificial insemination. To fulfill this role, the Lembang Institute for Artificial
Insemination needs to improve its principal activity’s performance, which is fresh bull semen quality measurement before
cryopreservation. Currently, they perform sperm quality evaluation manually We believe a similar problem occurs in many
developing countries.
There are many sperm quality parameters such as sperm
concentration, viability, morphology, pH, and color of the
semen [2], [3]. However, many researchers mentioned that
motility is the main parameter for sperm quality evaluation.
Awad [4], Januskauskas et al. [5], and Verstegen et al. [6]
resume that sperm motility is one of the most important
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features associated with semen fertilizing capacity, and for
many years has been recognized as essential for sperm fertilization. Zhang et al. [7] examined the correlation between
bull sperm characteristics with the ability of spermatozoa
fertility after artificial insemination (AI) of 9426 females.
Their result suggests that sperm linear-motility patterns
and swim-up separated sperm motility can provide a valuable assessment of the fertilizing capacity of AI bull. Fitzpatrick et al. [8] mentioned, estimating the motility before
cryopreservation closely relates to the quality of post-thaw
sperm. Simonik et al. [9] concluded that sperm motility is
one of the indicators most evaluated before and after cryopreservation for bull field fertility. Based on those researches,
we focus on sperm motility evaluation of fresh bull
semen.’’
Manual sperm motility measurement has some significant drawbacks, namely subjectivity, low accuracy, intervariability, and intra-variability [10], [11]. Computer assisted
sperm analysis (CASA) has been widely used to overcome
these drawbacks. However, there are still some challenges
in using CASA, particularly in measuring sperm motility
in fresh bull semen where the speed of sperm is relatively
high and partial occlusions frequently occur. In this study,
ourobjective is not to replace the current complete whole
CASA system. We aim to improve some critical parts of
the CASA system. We first address the limited accuracy and
speed of multi-sperm tracking. The second major problem is
difficulties in the accuracy of motility classification. These
two challenges are detailed in the following sections.
One of the primary hurdles is the limited accuracy
and speed of multi-sperm tracking. Several researchers
have tried to address this challenge [12]. For example,
Sørensen et al. [13] used a Particle Filter and a Kalman Filter
with a Hungarian algorithm for labeling, which is somewhat
similar to the method Jati et al. [14] used in their study.
In Imani et al. [15], the authors employed frame difference
background subtraction, and selection of the threshold value
was made using a non-linear diffusion filter. In these studies,
the samples had low sperm concentrations so that only a few
sperm were visible in one field of view, and it was rare for
occlusion or passing sperm to occur.
In comparison, Urbano et al. [16] used a modified joint
probabilistic data association filter with good tracking results.
A video sample indicates hundreds of sperm counts in one
field of view. However, the speed is relatively low at two
frames per second (fps), and the accuracy drops dramatically
in the second sample (a 20% disparity). Beya et al. [17]
extracted several features from the candidate regions; that
is, speeded up robust features (SURF), histogram of oriented gradients (HOG), and local binary patterns (LBP).
Subsequently, a mean-shift tracking algorithm was applied.
In Akbar et al. [18], researchers used the Hungarian algorithm
to associate sperm between consecutive frames. The inputs
of the Hungarian algorithm were sperm coordinates and head
direction angle. To speed up performance, Akbar et al. [18]
used thread programming.
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A newer method employed in the field is simple online
and real-time tracking with a deep association metric (Deep
SORT) [19]. This method has reasonably better tracking
speed and accuracy than previous methods. However, the
performance is insufficient for robust and real-time tracking
of sperm cells in fresh bull semen, which has a high density of
sperm cells. In [20], Wojke and Bewley improve Deep SORT
by combining it with deep cosine metric learning. There are
many variants of metric learning, as mentioned in [21]. Metric
learning can also be used for recognition, as in [22].
The second major problem in sperm motility measurement
is classification accuracy. Researchers have used different
CASA parameters to classify sperm motility. Nafisi et al. [23]
classified sperm motility using three CASA parameters: linearity (LIN), straight-line velocity (VSL), and sperm head
angle variations. The authors used the old 1999 WHO standard [24], in which sperm is categorized into four grades:
a (fast motile-progressive), b (slow motile-progressive), c
(not progressive), and d (non-motile). However, there was
no mention in Nafisi et al. study [23] of each parameter’s threshold value or the formula combining the three
parameters.
In comparison, Urbano et al. [16] classified human sperm
as motile if the VCL > 20 µm/s. This parameter was calculated from two human semen samples, and WHO 2010 standards [25] were followed. Akbar et al. [18] classified bull
sperm using the LIN parameter. Sperm were classified as
‘‘progressive motile’’ if LIN > 0.5, ‘‘motile not progressive’’
if LIN was between 0.2 and 0.5, and ‘‘non-motile’’ if LIN <
0.2. The standards used were the 2010 WHO standards [25].
In sum, all the studies use a static threshold for classifying sperm motility. The static threshold is effective for
motile-progressive sperm classification but less reliable for
non-progressive-motile sperm, such as vibrating or floating
sperm.
The main contributions of this study are as follows:
1. We present a modified sperm detection model for
detecting bull sperm in a video captured in a 500x total
magnification setting.
2. We propose using the mean angle of sperm motion
and a Tracking-Grid for multi-sperm tracking to
predict undetected sperm in the video caused by partial occlusion and the high speed of sperm movement. These methods effectively reduce ID-switch,
increasing overall tracking accuracy and speeding up
tracking.
3. Unlike previous methods using a static threshold,
we propose a machine learning-based sperm motility classification model called bull sperm progressive
motility classifier (BSPMCsvm3casa ), which uses a support vector machine (SVM) with three CASA parameters: VCL, VSL, and LIN.
4. We conduct experiments with real datasets from Balai
Inseminasi Buatan Lembang, Indonesia, with specific
settings that reduce disputes between observers. Experimental results have shown that our proposed methods
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increase precision and speed for tracking as well as
accuracy in motility classification.
The remainder of this paper is organized as follows. The
experiment’s settings, detection model, mean angle of sperm
motion, Tracking-Grid, and BSPMCsvm3casa are detailed in
Section 3. Experimental results are elaborated and discussed
in Section 4, and conclusions are offered in Section 5.
II. MATERIALS AND METHODS
A. DATASET

Most datasets used in sperm motility measurement are drawn
from experiments using a 100x or 200x magnification setting. Although this magnification level might be sufficient to
detect sperm, it has drawbacks such as subjectivity, low accuracy, low repeatability, and high intra- and inter-variability
for revealing the ground truth in sperm motility classification [26]–[29]. These limitations derive from problems with
the use of manual measurement to reveal ground truth. It is
reasonably difficult to manually measure hundreds of small
sperm’ motility status without any dispute between observers.
These challenges reduce the validity of the ground truth.
To overcome these limitations, we used a 500x magnification
setting so that sperm cells can be observed in more detail.
Each sperm is possible to be manually classified, whether it
is a progressive or non-progressive.
Twelve fresh sperm samples are diluted with physiological
natrium chloride (NaCl) 0.9%. The three sperm concentration settings are 0.1%, 0.5%, and 1.0%. We choose 0.9%
physiological NaCl as recommended by Fauzi et al. [30].
One of the conditions for a dilution media to meet is similar
osmotic pressure with the semen. The 0.9% physiological
NaCl has similar osmotic pressure to the semen osmotic pressure with neutral pH, making it suitable for dilution before
semen evaluation. We also choose 0.9% physiological NaCl
as the sample looks clearer so that the sperm is easier to
be detected and tracked. It is undoubtedly crucial to have a
clear appearance of sperm to have a high detection accuracy,
leading to high tracking and classification accuracy.
When recording sperm movement, an Olympus BX51
phase-contrast microscope with a total magnification of 500x
and an eyepiece 2-megapixel universal serial bus (USB) camera are used. This setting allows the observer to properly
assess the movement of individual sperm [2]. The video
resolution is 640 × 480 pixels, which is recorded at 15 fps.
To improve the accuracy of sperm detection, we set the contrast diaphragm microscope to ph.1 to obtain a higher contrast
sample.
Three experienced observers from Balai Inseminasi
Buatan Lembang Indonesia classify each sperm for its motility and we record the data. Motility classification is possible
because at a magnification of 500x the sperm is clearly
visible, and it is easier to assess motility. For detection, they
perform annotation using YOLOmark [31], and for tracking
they use the DarkLabel 1.3 application [32].
The training dan validation dataset is taken from the initial
50 frames of the first and the second bull video samples
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(100 frames in total), in which the sperm concentration is
0.5% and 1.0%. We randomly choose 80% of the data for
the training dataset and the rest for the validation dataset.
Although the number of videos for the training dataset is limited, the number of objects annotated is relatively sufficient
at 2933. The validation dataset has 739 annotated objects.
For the test dataset, we used all three sperm concentration
settings to thoroughly test the model in different situations.
Two frames are extracted from each of the remaining ten
videos, with 525 total objects in the dataset. This composition
is suggested by Rosebrock [33] and is useful for testing the
models’ generalizability against new data [34]. We used the
same dataset for all phases, that is, sperm detection, sperm
tracking, and motility classification.
B. DETECTION MODEL

This study’s sperm tracking method applies detection-based
multi-object tracking (tracking by detection). Object tracking
researchers commonly use this approach. The coordinates
resulting from the detection model become input for the
tracking application to determine the position of the sperm
in the ensuing frame.
We adopt the DeepSperm model [35], which is developed for bull sperm tracking at a 100x total magnification.
According to the YOLOv3 architecture, the sperm recorded
using 100x total magnification are considered small-sized
objects. On the contrary, objects in the sample of this study
are recorded at 500x total magnification, which are considered middle-sized objects. Therefore, we modify DeepSperm
architecture to detect middle-size objects by changing its
input layer resolution from 640 × 640 into 416 × 416.
We also add several convolutional layers and a Resnet block
at the end of the architecture. Fig. 1 shows the illustration of
the modified architecture. We train the model using the same
hyper-parameters, augmentation parameters, and the number
of epochs as DeepSperm [35]. The darknet framework [36] is
used for the training.
C. SPERM TRACKING METHOD

This study uses a detection-based, multi-object tracking
approach, where the multi-object tracking problem can be
formulated into (1) to (7) [37]


Xk = xk1 , xk2 , . . . , xkMk ,
(1)
n
o
xki s :ke = xki s , . . . , xki e ,
(2)
X1:k = {X1 , X2 , . . . , Xk } ,

(3)

where vector xki is the ith sperm state in the k th frame
whereas, Xk = (xk1 , xk2 , . . . , xkMk ) is a set of state vectors
of all sperm
totalingo Mk in the k th frame. The notation
n
i
i
xks :ke = xks , . . . , xki e is used to denote the ith set of sperm
state vectors where ks is the initial frame and ke represents
the appearance of sperm in the video’s final frame. In (3),
X1:k = {X1 , X2 , . . . , Xk } represents collections of all sperm
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appears in the video. Z1:k = {Z1 , Z2 , . . . , Zk } represents all
sets of sperm object detection results sorted from the first
frame to the k th frame.
The purpose of detection-based multi-object tracking is to
find the optimal vector sequence of objects. These objects can
generally be modeled by estimating the maximal a posteriori (MAP) of conditions in a particular frame (X1:k−1 ) with
input in the form of total detection results (Z1:k ), as shown
in (7) [37].
arg max

X1:k = X1:k−1 P (X1:k−1 | Z1:k ) .

(7)

The state of the art in multi-object tracking is Deep SORT,
which focuses on improving simple online and real-time
tracking (SORT) [38] performance in data association by
reducing the change in object identity (ID-switch). To achieve
this goal, information on the object’s appearance is added in
addition to using a Kalman filter to predict an object’s position based on its movement. The object display information
comes from a convolutional neural network architecture that
has been trained on the pedestrian dataset. Using this method,
Wojke et al. [19] claim to reduce ID-switch by 45%.
However, the Kalman filter’s use as the central part of the
tracker decreases the tracking speed because the Kalman filter
requires a reasonably high computation [39]. In this study,
a faster method is proposed by not using the Kalman filter.
Instead, we propose using the mean angle of sperm motion
and the Tracking-Grid to predict the sperm’s position in the
next frame. The prediction with the mean angle of sperm
motion uses standard trigonometric calculations, whereas the
Tracking-Grid only considers a small number of detected
sperm in the data association phase to reduce computation.
After the sperm detection phase is complete, the tracking
model task can accurately associate bull sperm in consecutive
frames. Sperm association typically uses sperm coordinates.
However, sperm coordinates are often insufficient to produce accurate tracking results in the case of occlusion and
sperm that fail to be detected. For that, other methods of
increasing tracking accuracy are required. This study proposes to employ the mean angle of sperm motion and the
Tracking-Grid to improve multi-sperm tracking accuracy and
speed. The overview of the tracking algorithm is displayed
in Fig. 2.
FIGURE 1. Detection model architecture.

1) MEAN ANGLE OF SPERM MOTION

objects states ordered from the first frame to the k th frame.


k
Zk = z1k , z2k , . . . , zM
,
(4)
k
n
o
(5)
ziks :ke = ziks , . . . , zike ,
Z1:k = {Z1 , Z2 , . . . , Zk } ,

(6)

where zik is the result of the detection of the ith sperm in the
k
k th frame, and Zk = (z1k , z2k , . . . , zM
k ) is all sperm detection
th
results totaling Mk in the k frame. The notation ziks :ke =
{ziks , . . . , zike is the result of the ith sperm detection where ks
is the initial frame and ke is the final frame in which sperm
61162

Determining sperm motion direction is crucial because a
frequent problem in sperm tracking is occlusion. Moreover,
this angle is also vital in tracking when sperm fails to be
detected. When such cases occur, the data association based
on position alone is insufficient. The mean angle of sperm
motion is used to predict the position of the sperm when it
fails to be detected. The failure happens due to occlusion or
because it appears blurry due to its swift movement.
Akbar et al. [18] determine the direction of the sperm from
the detection of an elliptical sperm head. However, in this
research dataset, the results of the segmentation of sperm
from the background are not acceptable. About 40% of the
VOLUME 9, 2021
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FIGURE 2. The tracking and classification overview.

sperm segmentation results are not perfect ellipses, so the
resulting angle is less accurate.
The second drawback of this method is that it is unsuitable
for application to sperm with low progressive motility values.
For example, floating sperm often does not move in the

VOLUME 9, 2021

direction of the head of the sperm. Instead, it moves because
of a push from the surrounding motile sperm or the flow of
semen. This study proposes using the mean angle of sperm
motion to determine new sperm angles of motion to overcome
these drawbacks.
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The mean angle of motion of the sperm is calculated based
on the displacement of the sperm. The calculation starts from
the second frame because the sperm has not moved in the
first frame, so it is impossible to know the angle. If a new
sperm enters the video’s field of view when the video has
been running, the angular data will start to be calculated in
the second frame after the sperm has entered. The mean angle
calculation is then performed two frames later (on the fourth
frame after birth) so that the total angles averaged are three
angles (3-frame averaged angle). This calculation of the mean
angle continues throughout the video. The calculation of the
mean angle follows,
Pk
θk
i
(8)
θ̄k = k−2 , k ∈ {4..N } ,
3
where θ̄ki , θk , and N denote the mean angle of the ith sperm
motion in frame k, the angle of sperm motion direction in
frame k, and the total number of video frames, respectively.

FIGURE 3. Tracking-Grid example.

2) DATA ASSOCIATION

In multi-object tracking, data association is a major challenge. In this study, data association is meant by the association of sperm found in one frame with the sperm in the
next frame. The problem formulation is in (1)–(7). Data association is carried out using the Hungarian algorithm. In this
study, the Hungarian algorithm’s implementation, called the
linear assignment, is used from the scikit-learn library [40].
3) SPERM REIDENTIFICATION

Often the detection of sperm fails for some sperm that are
difficult to detect in a specific frame. This case occurs, for
example, when the sperm is moving rapidly so that at certain
times the sperm appears opaque and difficult to detect. Often
the sperm is detected again at the next frame. In many tracking
methods, the detected sperm is given a new identity so that the
tracking path will be interrupted.
For the tracking to remain accurate, and the tracking
trajectory to be continuous despite a detection failure, this
study proposes sperm reidentification using the mean angle
of motion of the sperm and the Tracking-Grid. When some
sperm fail to be detected, their positions are predicted using
pik


iy
ix
i
i
= xk−1
+VSL ik−1 × cos θ̄k−1
, xk−1
+VSL ik−1 × sin θ̄k−1
,
(9)
where pik is the predicted position of the ith sperm in frame k,
iy
ix
xk−1
is the x coordinate of the ith sperm in frame k − 1, xk−1
is the y coordinate of the ith sperm in frame k − 1, VSL ik−1 is
the straight-line velocity of the ith sperm in frame k − 1, and
i
θ̄k−1
is the mean angle of motion of the ith sperm in frame
k − 1.

4) TRACKING-GRID

Occlusion frequently occurs in semen with a high density, as found in this study sample. The occlusion effect
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FIGURE 4. Tracking-Grid illustration. Undetected sperm is in the yellow
cell. The close-neighbor area is in green. The far-neighbor area is blue.

on tracking is ID-switch: a tracking error in which there
is an exchange of identity numbers between the occluding
sperm. In this study, we propose a Tracking-Grid to solve
the problem of occlusion. With the Tracking-Grid, the video
frame is divided into grid cells where the grid cell’s size is
half the average sperm size. We choose a half-value because
the consensus of determining whether a sperm is counted is
when half of the head is visible in the frame. The position
in the grid of each sperm is also determined by knowing the
neighboring sperm. Fig. 3 shows an example of TrackingGrid implementation in a video frame.
At the time of occlusion, each sperm is evaluated, and its
neighboring sperm are determined. In principle, the sperm
move relatively consistently in a particular direction. Therefore, the neighboring sperm is adjacent to it and in the direction of the mean angle of sperm motion. Fig. 4 illustrates how
the Tracking-Grid works. For example, the sperm in the grid
cell Gj,k (colored yellow), have a mean motion angle of 45o
VOLUME 9, 2021
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and a center point in this image. Its neighbors are the sperm
located in the grid cells Gj,k−1 , Gj+1,k−1 , and Gj+1,k (colored
green). These sperm are called close neighbors.
There is a particular case where sperm moves very fast.
In this condition, the sperm in the next frame sometimes
does not overlap with the sperm in the current frame. Often
the sperm is considered lost (undetected), and the sperm in
the next frame is given a new identity. The Tracking-Grid
addresses this problem by identifying a fast-moving sperm
from its velocity. If the VSL ≥ 62.38 µm/s, then the sperm
is considered as a fast-moving sperm. Far neighbors are rapid
sperm located farther apart. In the previous example, the far
neighbors are grid cells Gj,k−2 , Gj+1,k−2 , Gj+2,k−2 , Gj+2,k−1 ,
and Gj+2,k (colored blue).
The benefit of the Tracking-Grid and the mean angle, apart
from predicting the position of the sperm in the next frame
more accurately, is computational efficiency. This benefit
derives from not having to examine all sperm surrounding
sperm in the grid cell Gj,k . It is sufficient to only check the
close neighbors or far neighbors (for fast-moving sperm).
5) SPERM TRACKING EVALUATION

We use the test dataset from BIB Lembang for evaluation. Evaluation is performed on the proposed method and
the state-of-the-art method to see whether the proposed
method has significant improvements. We use the standard
multi-object tracking metric 16 (MOT16) [41] as a measuring
tool to compare the accuracy performance and fps for speed.
D. SPERM CLASIFICATION MODEL

The final part of this research is to develop a method of sperm
motility classification.
1) CALCULATION OF CASA PARAMETERS FROM SPERM
TRACKING RESULTS

The next process after sperm tracking is to calculate the
percentage of progressive-motile sperm. Veterinarians need
this information at the artificial insemination center to decide
whether the tested semen sample is qualified for preservation.
The process begins with calculating the CASA parameters
based on the results of sperm tracking. The model classifies
the sperm motility from these CASA parameters. In the WHO
laboratory manual, sperm are classified into three categories,
namely progressively motile, non-progressively motile, and
immotile. In BIB Lembang, the veterinarians use two
categories, motile-progressive and non-motile-progressive.
Non-progressively motile and immotile sperm based on the
WHO standard are categorized as non-motile-progressive
sperm. Included in this category are static, floating, and
vibrating sperm.
Several researchers [16], [18], [23], [42] use one or more
of CASA parameters in classifying sperm motility. In this
study, we calculate three CASA parameters, which are VCL,
VSL, and LIN. These three parameters are calculated using
the equations in (10)–(12) [25], [43], [44]. For determining
sperm velocity (VCL and VSL) in µm/s units, we use an
VOLUME 9, 2021

improved Neubauer counting chamber [45] to determine the
pixels to µm scale.
q
2
2
PM
xj+1 − xj + yj+1 − yj
j=1
, (10)
VCL i =
(M − 1) 1t
q
(xM − x1 )2 + (yM − y1 )2
VSL i =
,
(11)
(M − 1) 1t
VSL i
,
(12)
LIN i =
VCL i
where VCL i is the average velocity of ith sperm on the actual
trajectory for 1t duration, and M is the number of points in
the trajectory. VSL i is the average velocity of ith sperm along a
straight line connecting the initial position to the end position
of the sperm M in 1t duration. LIN i is the linearity of the
ith sperm motion, which is defined as the ratio between VSL i
and VCL i . The x and y are the coordinates of the sperm.
2) CLASSIFICATION OF SPERM MOTILITY BASED
ON BSPMCsvm3casa

Based on the WHO laboratory manual [25], sperm motility
analysis using CASA can be done with a minimum of 1 s
video duration. However, in this study, the videos used are
1–5 s in duration to test the methods’ reliability. A classification model is built using an SVM with a linear kernel. We use
the same training and test dataset as for the detection model,
naming the classification model as BSPMCsvm3casa .
The proposed classification model has three input CASA
parameters: VCL, VSL, and LIN. The output is the classification result of whether the sperm is included in the
progressive-motile sperm class. The model is trained to find
the wi weight parameter that provides the most appropriate
classification according to the classification ground truth.
Equation (13) is the target function representation
y = b + (w1 × VCL) + (w2 × VSL) + (w3 × LIN ) .

(13)

From the learning results, the values of wi and b are obtained
so that we have the estimation function
y = −4.080 + (0, 060 × VCL) + (0, 008 × VSL)
+ (2, 136 × LIN ) ,
(14)
(
−1 (non-motileprogresive) , y < 0,
ŷ =
+1(motileprogresive),
y > 0,
where ŷ is output in the form of sperm classification, wi is the
ith weight from training results, and b is bias.
3) EVALUATION OF SPERM MOTILITY CLASSIFICATION
RESULTS

After the method has been successfully developed, the final
step is testing to assess its performance. The performance
is measured from the conformity with the results of manual
classification conducted by veterinarians from BIB Lembang.
In the newest available WHO laboratory manual (2010 5th
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edition) [25], sperm should be classified into three classifications: progressively motile, non-progressively motile,
and immotile. For bull sperm motility assessment, especially
in practice, what the Artificial Insemination Centers need
is the percentage of progressively motile sperm. Therefore,
the classification of WHO can be used but with modification.
For bull sperm, classifying the sperm motility into two classes
is sufficient: (a) progressively motile and (b) a class consists
of non-progressively motile and immotile [2]. The value of
the percentage of motility is calculated based on the ratio of
sperm that moves actively forward (progressive motile) to the
total sperm [2].
E. OVERALL EVALUATION

A CASA system consists of three main processes: sperm
detection, tracking, and classification. In this study, we proposed methods to improve the performance of those processes. To evaluate the effectiveness of our proposed methods
to the current CASA system, we compare the performance of
a bull sperm CASA system by Akbar et al. [18] before and
after improved using our proposed methods.

FIGURE 5. Finding scale from pixel to µm.

F. EXPERIMENTAL ENVIRONMENT

Model training and testing employed an Intel Core i7 8700
@3.2 GHz workstation with 16 GB RAM. The operating
system was an Ubuntu 16.04 LTS. A single NVIDIA GeForce
RTX 2070 8 GB GPU RAM was used with 7.5 compute
capability points, which is considered sufficient for training
and testing in this case.
III. RESULTS AND DISCUSSION
A. SPERM DETECTION RESULTS

With the dataset and experimental setting of this study,
the detection model converged at 2400 epochs out
of 4000 training epochs. With 1.515 s of training time needed
for an epoch, we achieve convergence in 60.6 minutes. The
achieved accuracy is also considerably high, with a 98.4 mean
average precision (mAP) validation accuracy and 95.09 mAP
test accuracy.
B. SPERM TRACKING RESULTS

Tracking accuracy affects classification accuracy. Tracking
accuracy is the most critical criterion in tracking because
the artificial insemination center demands an accurate sperm
motility classification. The video sample tests yielded a total
of 414 sperm trajectories. Of these trajectories, 233 can
be tracked well (‘‘mostly tracked’’ (MT)). Whereas Deep
SORT mostly tracks 121 trajectories. The multi-object tracking accuracy (MOTA) of the proposed method is 70.9,
with the multi-object tracking precision (MOTP) reaching
73.0 and multi-object tracking overall accuracy (MOTAL) is
73.2. On the other hand, Deep SORT achieves an accuracy
of 55.2 and a precision of 72.7 and total accuracy of 57.6.
Some fast-moving sperm failed to be detected. The
assumption that sperm always exists in the video frame except
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FIGURE 6. Illustration of ID-switch on Deep SORT when the sperm is
moving very fast. Deep SORT (top row); Tracking- Grid (bottom row).

if it exits the frame is valid for this study case. Based on
this assumption, a prediction of the position of the sperm is
carried out. This prediction follows (9). Beforehand, we need
to convert between pixel distance in a video frame into µm to
calculate CASA parameters. Based on the calibration using
the improved Neubauer chamber in our experiment setting,
we obtain that 1 pixel is 0.29412 µm. Fig. 5 illustrates the
process of finding the scale.
The proposed method managed detection failure cases to
reduce the switch ID from 147 cases to 133 cases (a 10%
reduction). Fig. 6 shows an ID-switch illustration due to
the fast-moving sperm (VSL >= 62.5 µm/s). The first row
in Fig. 6 is sperm tracked using Deep SORT. On the 88th and
89th frames, some detection failures occurred. Deep SORT
gives a new identity to the sperm that failed to be detected
from 108 to 115.
On the other hand, in the proposed method, at frame 88 and
89, the position is predicted using (9). At the 90th frame,
the sperm can be redetected. Tracking-Grid (Fig. 4) is used
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TABLE 1. Tracking results comparison.

FIGURE 7. Illustration of ID-switch on Deep SORT during occlusion. Deep
SORT (top row), Tracking-Grid (bottom row).

to check whether the sperm is neighbors. Once confirmed,
the new detection result is given the same identification number as the sperm on the 88th frame. The result is that the sperm
can be appropriately tracked, and the identity of the sperm can
be maintained.
In addition to rapid sperm movement, occlusion is also a
cause of identity switch. Fig. 7 illustrates occlusion. In the
first row of Fig. 7, sperm number 4 fails to be detected when
it crosses sperm number 39 (at frame 61). At the 63rd frame,
sperm number 4 is given a new identity (i.e., 41). However,
in the proposed method (Fig. 7 second row), sperm number
11, which fails to be detected at frame 61, its identity number
can be retained. It is possible because when sperm number
11 fails to be detected, its position in that frame is predicted
according to (9) and given the same identity number (i.e., 11).
Subsequently, at frame 63, when the sperm can be redetected,
it is checked whether the detection result is a neighbor of
sperm number 11 based on Fig. 4. After it is known that the
detection result is the neighbor, it is given the same identity
number (i.e., 11).
The tracking implementation must be able to run at high
speed to be used in practice. The proposed method reaches a
speed of 41.18 fps. This speed is 1.8x faster than the Deep
SORT speed of 23.44 fps. The Kalman filter computation
has a significant share of the limited speed of Deep SORT.
Whereas, in the proposed method, prediction is carried out
employing data association using the mean angle of sperm
motion and Tracking-Grid, for which the computation is not
as heavy as the Kalman filter.
Wojke and Bewley [20] improve the performance by combining Deep SORT with deep cosine metric learning. We do
the training of their convolutional neural network for 100,000
iterations as suggested in the paper [20] and choose the
last checkpoints as it gives the best validation accuracy.
We fine-tune the minimum detection threshold to have the
best possible detection accuracy and found that 0.01 gives the
best result.
The result is accuracy and speed are both increased.
Though the ID-switch is increased slightly, the overall accuracy (MOTAL) is increased by 0.7 points. The significant
improvement is the speed, which is 1.3x faster than Deep
SORT.
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FIGURE 8. Comparison of classification with VCL (a) and
BSPMCsvm3casa (b).

We present the tracking results in tabular form to make it
easier to compare findings. This table contains Deep SORT
and Tracking-Grid results with standard multi-object tracking
metrics MOT-16 [41]. Table 1 displays the comparison with
the values in bold, showing the best values after comparison.
C. SPERM CLASSIFICATION RESULTS

Motility classification performance is measured by calculating the difference between the classification result from the
system (compared methods) and the classification ground
truth from the manual measurement. With the settings mentioned in the Dataset section, there is no dispute between
observers in making ground truth classifications. In this
study, a comparison of the effectiveness of several proposed CASA parameters for classifying bull sperm motility
is conducted. We choose two recent studies for comparison,
Urbano et al. [16] and Akbar et al. [18]. In both studies,
manual static threshold values are used. To maintain fairness
in comparison, all classification methods are fed with the
same input which is come from detection and tracking results
using our proposed methods.
The BSPMCsvm3casa is a classifier model that uses several
CASA parameters: VCL, VSL, and LIN. This model is not
only able to better classify progressive-motile sperm but also
non-progressive-motile sperm. In the third test sample video,
there is a vibrating sperm. This sperm has a high VCL value.
However, based on the WHO standard, it is not classified as
a motile-progressive sperm. One of the reasons is because
the position of the sperm is generally unchanging. Therefore, even though we have searched for an optimal threshold
value, the use of VCL alone in determining sperm motility is
insufficient.
In Fig. 8, four pieces of information are displayed for
each sperm: the identity number (ID), VCL, VSL, and
LIN. The yellow indicates that the sperm is classified as
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FIGURE 9. Comparison of classification with LIN (a) and
BSPMCsvm3casa (b).

deviation. From the experiment’s findings, we can observe
that the mean accuracy of the classification results using
BSPMCsvm3casa outperforms the accuracy of results from all
other methods. Besides failing in the condition in Fig. 8 and
Fig. 9, the other methods also failed to correctly classify
sperm that moves in a small circle.
In Fig. 10, from left to right, the standard deviations for
each method are 15.1, 15.8, and 5.9, respectively. The small
standard deviation can be achieved as the proposed model is
a machine learning-based model and considers three CASA
parameters at a time. Therefore, it is more adaptive to different kind of sperm movement and gives relatively good
accuracy to all test samples. On the other hand, the other
methods consider one CASA parameter only which give very
good result in some cases and drop the accuracy significantly
in some other cases. The experiment’s results also show that
using VCL provides better classification accuracy than using
LIN.
D. OVERALL RESULTS

FIGURE 10. Comparison of the mean accuracy of the classification results.

motile-progressive sperm, whereas red indicates that the
sperm is non-motile-progressive. This figure provides an
illustration of the failure of sperm motility classification in
vibrating non-motile-progressive sperm. Sperm with an ID
number of 8 (ID number 1 in Fig. 8 (b)) is an example of this
type of sperm, whose characteristics are that the VCL value
is relatively high but the VSL (and the LIN) is small. If only
VCL is used in the classification, the sperm is classified as
motile-progressive sperm (yellow bounding box) because the
VCL is above the threshold (20 µm/s). However, when using
BSPMCsvm3casa , this sperm can be correctly classified as nonmotile-progressive sperm (Fig. 8(b)).
In one of the samples, some dead sperm are continually
moving toward the lower left. These sperm are called floating
sperm because they move in constant motion with high VCL
and VSL values but an inactive manner. In addition to high
VCL and VSL values, these sperm have a higher LIN value
than others because they move relatively linear and do not
vibrate like normal motile sperm. Therefore, using only LIN
failed to classify this type of sperm irrespective of the manner
of finding the best threshold value.
Fig. 9 illustrates the failure of sperm motility classification
in floating non-motile-progressive sperm. Sperm numbers 1,
16, and 40 are floating sperm with relatively high linearity
values (0.7 and 0.9). If we use only LIN in the classification, these sperm are classified as motile-progressive sperm
because LIN > 0.5. However, when using BSPMCsvm3casa ,
these three sperm can be correctly classified as nonmotile-progressive sperm (red bounding boxes).
Fig. 10 shows the classification results’ mean accuracy
using various CASA parameters, including their standard
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In the previous results section, we compare the performance
of our proposed methods with the corresponding previous
works separately. For evaluating the effectiveness of our proposed method in the overall CASA system process, we compare Akbar et al. [18] CASA system’s performance without
and with our proposed method. Beforehand, we do some
modification to Akbar et al. CASA system as it is originally
designed for measuring bull sperm motility using 100x total
magnification. The purpose is to have the best possible
Akbar et al. CASA system’s performance to this study’s
dataset. After many experiments, the best performance
is achieved when we set MIN_HEAD_SIZE = 16,
MAX_HEAD_SIZE = 48, mean filter kernel size = 12,
and remove morphology operations in its detection process.
We achieve 67.22% motility classification accuracy with
the speed of 3.04 fps whereas, after improvement using our
proposed method, we achieve 92.08% accuracy (24.86 points
more accurate) and 11.18 fps (3.67 times faster).
IV. CONCLUSION

This study presents a modified model for detecting sperm
from fresh bull semen recorded using 500x magnification and
achieving encouraging accuracy. For tracking, this research
proposes using the mean angle of sperm motion and the
Tracking-Grid to reduce the ID-switch and increase the tracking accuracy and speed, which surpasses state-of-the-art performance. In the sperm classification process, in contrast
to previous methods that use a static threshold, we propose
BSPMCsvm3casa , a machine learning-based bull sperm motility classifier model using SVM with three CASA parameters:
VCL, VSL, and LIN. The classification results also show
that the proposed method outperforms previous methods.
A further use could be implementing the proposed model and
method in a portable single-board circuit mobile device to
inspect post thawed cryopreserved bull semen in farms. This
model can also be used for other cases, such as examining
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bull sperm in 3-dimensions or with different magnifications,
examining human sperm, or examining other medical objects.
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