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Abstract— Semen analysis is the gold standard method
for assessing male reproductive capacity. Although clinical
semen analysis routinely uses Computer-Assisted Semen
Analysis (CASA) systems to measure sperm concentra-
tion and motility, clinical visits for semen analysis are
not always feasible due to the unavailability of the high-
cost CASA systems and the mental stress for clinical
visits. Here, we present a point-of-care semen analysis
method using smartphone imaging. It follows the same
visual tracking scheme as laboratory CASA systems, aim-
ing to provide semen analysis results that are accurate
and consistent with clinical standards. To address the
challenge of robustly tracking multiple sperm posed by
smartphone imaging and the point-of-care nature, we pro-
pose an Occlusion-Aware Joint Probabilistic Data Associ-
ation Filter (OA-JPDAF). It combines sperm head contour
obtained from a boundary-sensitive segmentation network
and a kinematics-based probabilistic model to determine
the occlusion status of both targets and measurements, ex-
cluding unreasonable association events to enable robust
data association. Experimental results showed that the OA-
JPDAF outperformed the state-of-the-art multi-sperm track-
ing algorithms, and achieved a success rate of 95.14% for
tracking occluded sperm, a mean error of 2.03 million/ml
for sperm concentration measurement, and a mean error
of 1.58% for sperm motility measurement. Clinical tests
involving 50 participants revealed that the point-of-care
method showed good agreement in sperm concentration
and motility measurement (Spearman rank correlation co-
efficients of 0.94 and 0.89, respectively) with that of the
laboratory CASA, even when used by inexperienced users.

Index Terms—Joint Probabilistic Data Association,
Point-of-care, Semen Analysis, Smartphone imaging

[. INTRODUCTION

HE World Health Organization (WHO) estimates over
48 million couples worldwide suffer from infertility [1].
Male factor infertility accounts for 40%-50% of all infertility
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cases in clinical practice [2], mostly attributing to the failure
to produce a sufficient quantity of motile sperm. For clinical
diagnosis of male infertility, semen analysis is routinely per-
formed to evaluate sperm concentration and motility. Sperm
concentration measures the number of sperm per unit volume
of the ejaculate, and a low sperm concentration (oligospermia)
may indicate undescended testicles [3], genetic disorders [4],
dysfunction in spermatogenesis [5], or even azoospermia [6].
Sperm motility measures the percentage of sperm with pro-
gressive movement, and a low sperm motility (asthenozoosper-
mia) is an indicator for varicocele [7], sperm mitochondrial
dysfunction [8], or testicular damage [9]. Quantitative mea-
surement of sperm concentration and motility and accurate
semen analysis results are the basis for diagnosis and treatment
of male infertility.

Computer-Assisted Semen Analysis (CASA) has been grad-
ually recognized as a gold standard for laboratory semen
analysis [10]. A CASA system visually recognizes and locates
sperm in microscopic images of a semen sample, and tracks
multiple sperm over a period of time to obtain sperm counts
as well as kinematics and thus to calculate concentration and
motility. Since CASA systems use a high-grade microscope
with an integrated high-performance computer for data pro-
cessing, visualization and storage, CASA instruments are ex-
pensive (tens of thousands of dollars) and require professional
technicians to operate.

Availability, affordability, and quality of the diagnosis of
male infertility remain a challenge globally [1]. The demand
for low-cost, professional-free, accurate semen analysis, or in
other words, point-of-care semen analysis is high worldwide.
In the past decade, several point-of-care semen analysis meth-
ods have been proposed, for instance, paper-based colorimetric
assay [11], lateral flow immuno-chromatography [12], cen-
trifugal separation analysis [13], and smartphone-based visual
tracking [14],[15]. Among these methods, smartphone-based
visual tracking is considered a promising approach for point-
of-care semen analysis. It shares the same technical nature
as a laboratory CASA, i.e., automated multi-sperm tracking
based on sperm detection and location. Differently, it uses a
smartphone camera and magnification accessories to image
semen samples instead of a high-grade microscope and certi-
fied medical camera. The advantages over laboratory CASA
systems include significantly lower cost, ease of use, and high
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Fig. 1. Technical challenges of point-of-care semen analysis with

smartphone imaging: (a) sperm are small in size, making the sperm
tail (<1 m) even invisible under smartphone imaging; (b) non-sperm
impurities are prevalent and need to be distinguished by the algorithm;
(c) semen analysis uses undiluted raw semen where sperm are in close
proximity and overlapping/occlusion of sperm is frequent (e.g., >100
sperm moving simultaneously within a field of view of 1024 pixels x
1024 pixels), thus requiring robust multi-sperm tracking algorithms to
track individual sperm.

accessibility that mentally helps mitigate embarrassment and
stress caused by clinical visits.

However, constrained by cost and portability requirements,
smartphone-based microscopic imaging typically has lower
magnification and inferior imaging quality compared to lab-
oratory microscopy imaging. Thus, the following technical
challenges must be overcome for smartphone-based semen
analysis to achieve as accurate sperm concentration and motil-
ity measurement as a laboratory CASA.

1) The size of a sperm is small (Fig. 1a). Typical tail
diameter is smaller than 1 m, making it hardly visible under
smartphone imaging (200x). The small size of sperm requires
the algorithm to rely mainly on features of the sperm heads
to identify and distinguish each sperm.

2) Non-sperm impurities are prevalent in raw semen samples
(Fig. 1b), whose quantity may exceed the number of sperm
by more than two-fold. These impurities often exhibit similar
sizes, shapes, and colors to sperm, rendering them challenging
to differentiate from sperm.

3) Sperm frequently overlap and occlude each other (Fig.
1c). Under a typical concentration of 50-80 million sperm/ml
[18], hundreds of sperm move simultaneously within a field
of view. As shown in Section V.D, failure to track individual
sperm leads to significant errors in semen motility evaluation,
calling for a robust multi-sperm tracking algorithm.

This paper reports a novel point-of-care semen analysis
method using smartphone imaging to address the technical
challenges above and improve robustness in tracking occluded
targets to achieve accurate sperm concentration and motility
measurements. Contributions include:

1) A novel smartphone-based imaging modality for semen
analysis was developed. Through this modality, continuous
bright-field imaging at an equivalent microscope 200(E mag-
nification of a controlled volume of raw semen samples can
be obtained at 4K 30 fps.

2) A boundary sensitive segmentation network was proposed
for specifically identifying, segmenting the sperm head, and
separating different sperm in close proximity under smart-
phone imaging.

3) An occlusion-aware multi-object tracking algorithm was
developed to reduce occlusion-caused tracking errors. By
incorporating information from both the track (sperm kinemat-
ics) and measurements (segmented contours), the occurrence,

persistence, and termination of an occlusion event between
sperm targets can be predicted and determined. With occlu-
sion awareness, the constraints in enumerating feasible joint
events are dynamically relaxed during occlusion to allow the
same measurement to match multiple targets. Experiments
confirmed the occlusion-aware strategy significantly increased
accuracy for tracking occluded sperm.

4) Theoretical analysis was performed to reveal how failures
in multi-sperm tracking affect sperm concentration and motil-
ity evaluation. Tracking failures were classified into six types,
and the effect of each failure type on sperm concentration
and motility measurement was quantified. To the best of our
knowledge, this is the first work to quantify the effect of
tracking failures, especially failures in distinguishing occluded
sperm, on semen analysis, which is applicable for both point-
of-care and clinical semen analysis.

Il. RELATED WORKS
A. Methods for Sperm Identification

Accurate identification of sperm cells is the basis for sperm
counting and subsequent tracking, which can be achieved
by either object detection methods or semantic segmentation
methods. Compared to detection methods, target segmentation
algorithms enable higher localization precision and provide
additional target features (e.g., target contour) that can fa-
cilitate robust sperm tracking in complex environments. In
this subsection, existing or potential segmentation methods for
sperm identification are reviewed. The CNN-based semantic
segmentation algorithms, including U-Net [16], DeepLabv3
[17], and Mask-RCNN [18] are the state-of-the-art approaches
for sperm segmentation. Compared with conventional thresh-
olding methods such as binary pixel intensity thresholding
[19], enhanced-Otsu thresholding [20], and adaptive local
threshold [21], CNN-based methods are capable of extracting
high-level features to distinguish the background and impu-
rities, resulting in significant improvement in segmentation
accuracy. Chen et. al. [22] evaluated popular methods for
sperm segmentation on the public Sperm Videos and Images
Analysis dataset, among which U-Net demonstrated the top
dice score. Although improvements to U-Net and other CNN-
based methods for sperm segmentation have been proposed
[23]-[25], these methods have not been specifically optimized
for smartphone imaging conditions. Moreover, U-Net shares
a prominent mis-segmentation issue with other CNN-based
methods that multiple sperm in close proximity tend to be
segmented as a cluster [22] although they are distinguishable
by human eyes. This problem is worsened under smartphone
imaging, due to the poorer imaging quality of non-diluted raw
semen samples. In this paper, a boundary sensitive segmenta-
tion network is proposed to address this problem, as described
in Section IV.

B. Vision Methods for Sperm Motility Measurement

As stipulated by WHO [26], sperm motility measurement is
to calculate the percentage of motile sperm (velocity > 5 m/s)
in a semen sample. The technical requirement for sperm motil-
ity measurement is to simultaneously track multiple sperm to
obtain their trajectories, which is essentially a multiple-object
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Fig. 2. (a)Diagram of parts breakdown of the developed smartphone
semen imaging modality; (b) Raw images captured by the modality.
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tracking (MOT) problem. Tracking-by-detection is the most
extensively utilized paradigm for such purpose. Its nature is
a data association problem, i.e., to associate sperm positions
(measurements obtained by the front-end detection or segmen-
tation method) to an existing target in previous frames.

To date, most commercial CASA and point-of-care semen
analysis systems use Nearest Neighbor for data association
in sperm tracking [27]. It associates a target to a measure-
ment according to minimum inter-frame Euclidean distances.
Advances have been achieved by Global Nearest Neighbor
(GNN) tracking, which adopts distance-based global optimal
association. However, limited by the greedy data association
principle, both NN and GNN-based tracking are occlusion
sensitive, i.e., the only measurement produced by two or more
targets in occlusion cannot be assigned to multiple targets,
leading to increased association errors and risk of target
loss. Although point-of-care semen analysis with smartphone
imaging has been attempted, the NN and GNN-based tracking
algorithms applied in such attempts resulted in large errors in
motility measurement, up to 100% [14], [28].

Multi-Hypothesis Tracking (MHT) [29], Markov Chain
Monte Carlo Data Association (MCMCDA) [30] and Joint
Probabilistic Data Association (JPDAF) [31] employ advanced
data association principles to accommodate higher tolerance
for temporary loss of measurements due to occlusion. MHT
uses all past measurements to perform data association, whose
heavy computational complexity makes it impractical to track
sperm in high concentration samples, despite its high tracking
accuracy. MCMCDA uses Markov Chain Monte Carlo to
merge track partitions originating from the same target, caused
by occlusion. However, this method does not track well for
high sperm concentrations (e.g., >60 million/ml) [20] due to
the difficulty of correctly grouping too many similar tracks.

The JPDAF tracker represents the state-of-the-art technique
for multiple sperm tracking [32]. Its high accuracy is at-
tributed to its enumeration mechanism, i.e., feasible target-
measurement association events are enumerated, then the
probability of each event is calculated for weighted update
of target states. The enumeration strictly follows the one-
to-one correspondence assumption, i.e., a target generates at
most one measurement and a measurement originates from at
most one target. However, this assumption is not always valid,
e.g., during sperm overlapping a single measurement (contour)
originates from multiple targets. This assumption prevents the
correct association event to be enumerated, causing significant
association bias and even target loss during occlusion.

Another type of data association strategy is to employ deep

learning networks to extract features for feature similarity-
based data association [33]-[35]. However, low magnifica-
tion, lack of color features under smartphone microscopic
imaging, and high similarity in sperm appearance (espe-
cially during occlusion) may hinder the strength of feature
similarity-based data association. Highly similar features also
make it challenging for joint-detection-and-tracking methods
[36],[37]. Although existing methods [38]-[41] incorporating
Transformer may provide enhanced feature extraction ability,
under smartphone imaging mainly the sperm heads are visible,
and it remains unknown whether these methods can keep
distinguishing a specific sperm using the limited features of
sperm heads during occlusion. To the best of our knowledge,
no studies have validated the performance of such methods for
the challenging task of tracking multiple sperm with highly
similar appearance.

In addition to multi-sperm tracking, another type of method
uses deep learning to take sperm videos as input to directly
predict/classify sperm motility, e.g., CNN-based prediction
[42] and motilitAl [43]. Such methods bypass multi-sperm
tracking, and thus fail to provide sperm trajectories. The black-
box classification approach lacks interpretability and makes it
challenging to identify potential errors in motility predictions,
thus increasing the risk of misdiagnosis.

In this work, we advance the state-of-the-art multi-sperm
tracking algorithm, JPDAF. Through occlusion-awareness, the
original constraint is dynamically relaxed to ensure robust
tracking under occlusion. Note that occlusion-aware JPDAF is
not a black box. By analyzing the obtained trajectories, how
tracking failure affects motility measurement is revealed.

I1l. SMARTPHONE MICROSCOPIC IMAGING
MODALITY FOR SEMEN ANALYSIS

A novel imaging modality was developed to enable
smartphone-based microscopic imaging of a fixed volume of
semen samples. As shown in Fig. 2, the proposed imaging
modality comprises a smartphone, a soft spacer, an objective
lens and its holder, a semen sample container and its support,
an LED light source, and a plastic case. In contrast to
other smartphone-based semen analysis systems that rely on
microfluidic devices to maintain a consistent sample volume
for imaging, our system utilizes two small, identical, and
transparent containers that mimic the glass slide-cover slip
structure. The semen sample containers were engineered to
accommodate a fixed volume (0.02uL) of semen and allow
light to pass through for imaging. To prepare the sample, an
excess of raw semen is first added to one of the containers, and
the other container is then inserted, causing excess semen to be
squeezed out, thus leaving a consistent volume of semen con-
fined to the space between the two containers. The objective
lens is mounted in a holder with a small magnet that holds it
in place with the container support and keeps the optical path
centered. During imaging, the rear camera of the smartphone
is aligned with the optical axis of the objective lens by the
operator. To accommodate various smartphone models, a soft
spacer is custom-designed to provide adequate clearance for
the protruding smartphone lenses during imaging. The built-
in video recording software of the smartphone enables the
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Fig. 3. The FoVs of samples with different sperm concentrations using
the smartphone imaging modality. The size for each FoV is 1024 pixels
CE 1024 pixels. Each FoV contains (a) 326 sperm (concentration: 84
millioin/ml); (b) 597 sperm (concentration: 154 million/ml); (c) 912 sperm
(concentration: 235 million/ml).

recording of 4K (3648 by 2056 pixels) videos at 30 frames
per second. As calibrated using a commercial calibration
slide (MR095, AmScope, USA), the smartphone microscopic
imaging modality achieved a magnification that is equivalent
to 200x of a standard laboratory microscope. The subsequent
concentration and motility analysis in this study was based on
these settings for a video duration of three seconds.
V. OCCLUSION-AWARE JPDAF FOR
MULTI-SPERM TRACKING

A. Problem Formulation

Accurate visual measurement of sperm concentration and
motility is essentially a multi-object (multiple sperm) track-
ing problem. Multi-sperm tracking using smartphone imaging
modality is challenging due to 1) the use of raw, undiluted
semen samples in which sperm frequently cross over and oc-
clude each other, as shown in Fig. 3; 2) the inherent limitations
in imaging quality of smartphone technology, which further
exacerbates the challenge of accurately tracking each sperm.

As discussed in II. Related Work, among existing data
association algorithms, the joint probability data association
filter (JPDAF) achieves the highest accuracy for tracking
multiple sperm under occlusion. It achieves high accuracy
mainly because it enumerates all feasible joint events (asso-
ciation of targets and measurements). However, JPDAF was
originally designed for radar-based tracking of multiple flying
objects such as aircrafts. In such scenarios, measurement (i.e.,
physical position) of each target is obtained from radars and
such measurement is rarely affected by target occlusion. The
JPDAFs basic assumption, i.e., the one-to-one association
between measurement and target, is a global optimization
hypothesis to enumerate a feasible joint event corresponding
to the real situation.

To address these limitations, a novel occlusion-aware
JPDAF (OA-JPDAF) is proposed, aiming to realize robust
multi-sperm tracking under occlusion for smartphone-based
semen analysis. As shown in the workflow in Fig. 4a, a
dynamic constraint relaxation mechanism is proposed to relax
the constraint in the original assumption of one-to-one asso-
ciation between measurement and target. An occlusion evalu-
ator, which incorporates information from both measurements
(sperm contour) and targets (kinematic model), is utilized as
a front module to enable efficient occlusion awareness. This
allows for the initial filtering of feasible joint events that do not
match reality. Feasible joint event exclusion are then applied to
further refine the enumerated feasible joint events and improve
the tracker’s robustness against clutter.

B. Relaxation of Feasible Joint Events Enumeration
Constraint

JPDAF enumerates feasible joint events based on a valida-
tion matrix €2, which is defined as:

Q = [wy], i=1,....,m, ji=1....,n (1)

where m and n are the number of measurements and targets
in the validation matrix, w;; is given by:

1, if M; e Gy

0, otherwise

Wij = )
where G is the gating region of T (target j), which means
w;; equals to 1 only when M; (measurement ¢) falls into the
gating region of T}.

Feasible joint events of a validation matrix are enumerated
based on the basic assumption of original JPDAF that mea-
surement and target are one-to-one corresponding, which can
be converted to the feasible enumeration constraints as

zm:wij S 1 and iwij S 1 (3)
i=1 j=1

where " w;; <1 constrains that one target can generate

at most one new measurement, and Z?Zl w;; < 1, constrains
that one measurement can originate from at most one target.

When occlusion occurs, however, the contours of two or
more sperm merge into one larger contour, thus providing
only one measurement. Using the original constraint (3), no
enumerated feasible joint events correspond to the real case.
As a result, target states would be incorrectly updated with
biased association. As one can expect, if sperm concentration
become higher and occlusion between targets becomes more
frequent, biased associations would become more common,
leading to increased tracking errors.

Assuming a single measurement might originate from mul-
tiple targets, the constraints in (3) is relaxed to

iwij S 1 (4)
i=1

However, directly relaxing the constraints by using (4)
causes the total number of enumerated feasible joint events to
significantly increase, causing more biased associations. With
increased biased associations, the target position prediction
becomes less accurate with a larger gating region, leading to
increased size of validation matrix (increased computational
efforts in enumeration which is already exponential time
complexity [44]) and wrong state updates. Further restrictions
should be imposed on (4) for practicable enumeration of
feasible joint events.

This side effect stems from the fact that it is unknown
whether a target is occluded. Even for targets that are not
occluded, it may share the same measurement with other
targets in certain feasible joint events. Assume the occlusion
status of the targets can be obtained (e.g., by using methods in
Section IV.C), the relaxation of the constraint can be strictly
limited to occluded targets, and the number of feasible joint
events can be considerably reduced, also reducing the risk of
biased associations. Hence, the first restriction is proposed.
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(a)Workflow of our proposed occlusion-aware JPDAF for robust sperm tracking in the scenario of smartphone-based point-of-care semen

analysis. (b) demonstrates an example that no occlusion/occlusion ends is confirmed from measurements by the occlusion evaluator, whereas
occlusion begins/ lasts is confirmed in (c). The blue and red dots are the predicted position of T}, and T, surrounded by an individual ellipsoidal
gating region. Red and blue shadowed areas are the contour measurement of target T}, and Ty, from the segmentation network. The circular region
A is denoting as the area inside the black dashed line, whose center is at Py p (midpoint of T, and T%).

Restriction 1: The relaxed constraint (4) is only applied to
occluded targets.

The side effect of significantly increased feasible joint
events also originates from the lack of information to de-
termine if a measurement is generated by a single target
or multiple occluded targets. Even for a measurement that
is not caused by target occlusion, it could be shared by
two or multiple targets in certain feasible joint events. If
the occlusion status of a measurement can be obtained (e.g.,
by comparing contour areas across frames which detailed in
Section IV.C), the feasible joint events enumerated by the (4)
with Restriction 1 can be further refined. Hence the second
restriction is proposed.

Restriction 2: The relaxed constraint (4) is only applied to
measurements that originate from occluded targets.

With the Restriction 2, for a measurement from a non-
occluded target, feasible joint events that associate this mea-
surement with two or more targets would be excluded. Also,
targets within the same occlusion cluster should avoid being
associated with different measurements in feasible joint events,
which is granted by the third restriction.

Restriction 3: Targets in the same cluster should be simul-
taneously associated with either a same measurement or null.

The determination of whether targets are within the same
enclosed cluster can be obtained pairwise using the method
in Section IV.C. When different pairs of targets have one or
more shared target(s), these targets are obviously within the
same cluster. This restriction further reduces the number of
enumerated feasible joint events.

For the tracking of occluded targets, the position of an
immotile sperm is apparently easier to determine than that
of a motile sperm, even if it may present subtle movement
due to collisions. For this reason, immotile targets that have
been confirmed as in occlusion should be excluded for feasible
joint event enumeration until occlusion ends. Here the fourth
restriction is proposed.

Restriction 4: Immotile targets in occlusion are excluded
for feasible joint event enumeration.

During occlusion, the immotile target is updated using the
state before the occlusion. This design further reduces the
number of targets in validation matrix and thus contributes
to fewer feasible joint events to be enumerated. Moreover, it
helps avoid incorrect position updates for immotile targets that
are in occlusion, and avoid tracking errors such as target ID
switching with moving targets. Following the end of occlusion,
such design also facilitates correct re-matching of occluded

targets. The above four restrictions can be summarized as the
new constraint (C’) in (5)

Yo wip < land wip = wiy, if

M; € Son, Ty, Ty, To, € Sor NSyt (5)
S wi; < land Z;L:1 wi; < 1, otherwise

c =

where T}, and T, are pair of occlude targets in the same cluster
at the current frame. Sor is the set of targets in occlusion,
Syt is the set of targets that are motile, and Spjs is the set
of measurements that originate from the occlusion of two or
more targets.

With the above restrictions, the number of feasible joint
events can be significantly reduced and the risk of biased
association is reduced. Give that the Restriction 1,2 and 3
rely on the awareness of occlusion of target and measurement,
it is necessary to realize occlusion-awareness, which will be
detailed in the following section.

C. Realization of Occlusion-awareness

Here we propose an occlusion evaluator driven by multi-
frame information fusion to realize predicting, monitoring, and
determining the occurrence, persistence, and termination of an
occlusion event of multiple sperm targets. To detect when an
occlusion event occurs, from the perspective of measurement,
the contour of a single sperm differs from that of a cluster
of sperm. Another approach is to predict the occlusion of
a moving target based on its kinematic model. Hence, the
proposed occlusion evaluator assesses an occlusion event from
two aspects, i.e., occlusion prediction from existing targets and
occlusion validation from measurements.

(i) Occlusion-awareness from Targets: Using the kine-
matic model and the existing target states, the region where
the target appears in the next frame is predictable and the
probability of the targets location follows a two-dimensional
normal distribution. Therefore, the probability of occlusion is
obtained by probabilistically integrating the elliptical overlap
part of the predicted position probabilities between targets. For
example, for occlusion prediction for target h (T}) and target
v (Ty), the possibility of occlusion can be derived as

POccul,T;LTU = P(Th,pred)P(Tv,pred)/ fTthudl‘dy (6)

where P (T} preq) and P (T, preq) are the probability of
successful gating a correct measurement for targets 75, and
T, which are preset empirical parameters for the formation of
the validation matrix. f7, and fr, are the probability density
function of the target threshold ellipse, which follows
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274/ det (2)

where ¥ is covariance-dependent eigenvalue matrix. When
Poceul, T, T, exceeds the set threshold, 73, and T, will be
proposed as occluded target pair in the next frame.

ii) Occlusion-awareness from Measurements: Measure-
ments are first obtained using image segmentation for sub-
sequent occlusion evaluation. This image segmentation step
serves two purposes. The first is to detect/locate sperm from a
FoV mixed with non-sperm cells and other impurities. The
second is to extract contour of a spermatozoa or a sperm
cluster to provide measurement for occlusion evaluation.

For the first purpose of detecting/locating sperm, an en-
hanced U-Net network using ResNet-34 as the backbone is
proposed. Segmentation is preferred over object detection
because in smartphone imaging, sperm are densely distributed
small objects, and accurate target bounding box for object
detection method relies on a good selection of non-maximal
suppression parameters, while image segmentation methods
do not require this delicate parameter adjustment. To improve
the capacity of segmentation network for identifying sperm,
the segmentation network is desired to extract the more
generalizable features to exclude sperm-like impurities but
to include sperm groups containing two or more overlapping
sperm (see Fig. 1c).

Hence, our network adopts ResNet-34 as the backbone. The
introduction of ResNet-34 is expected to solve the problem
of vanishing gradients and mitigate the degradation (accuracy
saturation) problem of deeper neural network models, leading
to better learning of generalizable sperm features. For the sec-
ond purpose, accurately segmenting and distinguishing single
sperm and sperm clusters is critical, because it determines
the accuracy of subsequent occlusion evaluation. Hence, the
enhanced U-Net should be further improved in terms of
boundary sensitivity to separate single sperm that is close to
other sperm but do not form a cluster due to occlusion. As
shown by our results, the original U-Net sometimes fails. To
address this issue, a loss function based on boundary-weighted
maps is introduced. While the original U-Net does not elevate
weights for boundaries of isolated objects (objects that are
far away from other objects), the weight map generation
method consistently enables the highest elevated weights on
the sperm contour boundary line, followed by pixels close
to the contour line, and no elevation for other pixels. This
enables the segmentation network to learn sperm boundaries
with higher weights even if there are no other sperm nearby,
facilitating the network to learn more boundary information.
The boundary-sensitive loss function is

L= % Z} —wi[yilog(p:) + (1 — yi)log(1 —pi)] ~ (8)
where y; is the labeled value of pixel (1 for sperm, O for
others). p; is the predicted probability of a pixel belonging
to sperm, w; is the weight value of the pixel i in the pre-
generated weight map, and N is the total number of pixels in
an image.

Based on precise segmentation results, an occlusion-
awareness method utilizing information from both targets and

Ir, (x,y) = @)

measurements powered by multi-frame information fusion is
proposed. Initially for an occlusion event, in the (¢t — 1)th
frame, Poccul,1,T, 18 first calculated followed by (6) and (7).
Once T}, and T, are proposed as a potential occluded target
pair in the ¢! frame, an examination of contour area changes
in a circular searching region A is subsequently performed
to confirm. The searching region A (illustrated in Fig. 4b&c)
centers at the midpoint (Py;p) of the predicted positions of
Ty, and T, in t*" frame, with a radius that is proportional to
the velocity of T}, or T, which is defined as

A= {p| (p— Pup)’ < R?, Rumax(vh,vv)} )

where p is a point on and within the region A, and vy, and v,
are the absolute velocity of T}, and T, respectively.

There are two potential circumstances for 7 and 7T, in
the t'* frame: 1) occlusion begins and 2) no occlusion. The
probability of occlusion p; in the " frame is calculated by
comparing the size of the largest contour in the circular region
A with the size of the contour of the target sperm in the
preceding frame, which is given by

t—1
p=c Y llog(5) log( )

i=t—2 vyt

(10)

where A, is the measurement of the largest contour area of
sperm or sperm cluster within the circular searching region A,
and Ay, ; and A, ; are the measurement of sperm contour area
in 3" frame of target h and v, and c is a scaling coefficient.

The change of occlusion conditions alters the value of p;.
Thus, by comparing p;—; and p,, different occlusion condi-
tions (Occlusion begins: when p; > Tr; No occlusion: when
p; > Ty; Occlusion ends: when p;_y > T and p; < T,
after occlusion begins; Occlusion lasts: when p;—1 > 17, and
pe > T after occlusion begins. p;_; is the possibility of
occlusion occur in (t — 1)th frame, T}, is the low threshold
and Ty is the high threshold).

After confirmation by the above method, the pair of targets
proposed to be in occlusion by (6) can be finally labeled
as occluded pair of targets (for Restriction 1 and 3). The
measurement with largest contour in the circular region A
can be identified as a measurement generated by occluded
targets (for Restriction 2). By the proposed method, accurate
awareness of occlusion state of both targets and measurements
is obtained.

D. Calculation of Sperm Concentration and Motility

The sperm concentration is calculated by
Nsperm
LxWxu?xH

where Ngperrm, is the final number of targets in the tracker,
L (unit: pixel) is the length of the FoV, W (unit: pixel) is
the width of the FoV, p is a calibrated coefficient converting
the length of each pixel from image coordinate to real world
length, H is the depth of semen container. In the current setup,
L = W = 1024 pixels, = 0.43pixel/um, H = 20pm. This
method is used to calculate concentration instead of averaging
the number of measurements provided by the segmentation
network in each frame because it avoids the reduction of sperm

Concentration =

Y
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count due to occlusion, and also avoids the effect of clutter on
the count that only presents intermittently for a few frames.
The motility is calculated as the percentage of motile sperm
(velocity > 5 um/s as defined by WHO) in a semen sample:
(12)

Motility _ Nsperm|v>5um/s
Nsperm
where Ngperm|v>5um/s 18 the number of sperm with velocity

greater than 5um/s.

V. EXPERIMENTAL RESULTS AND DISCUSSION

Human sperm samples used in experiments were obtained
from Shanghai Ninth Peoples Hospital (Shanghai, China).
Informed consent was obtained from all subjects (50 patients
enrolled). The study was approved by the Institutional Review
Board of the Shanghai Ninth Peoples Hospital (IRB: SH9H-
2021-T14-1). In experiments, all semen videos were recorded
using an Android phone (Huawei P20, China) and the devel-
oped imaging modality. Following the WHO guideline, the
duration of each video was set to 3 seconds.

A. Evaluation of the Segmentation Network for Sperm
Recognition
TABLE |
PERFORMANCE OF THE SEGMENTATION NETWORK FOR
DISTINGUISHING SPERM AND NON-SPERM CELLS

Sample 1 2 3 4 5 6 7 8 9 10 Overall
Sperm Count 114 137 83 165 158 295 260 150 105 141 1608
Non-sperm Count 201 69 119 126 123 129 120 192 154 247 1480
True Positive 106 128 77 159 153 279 251 132 97 131 1513
False Positive 5 3 8 14 16 14 16 8 12 13 109
False Negative 8 9 6 6 5 16 9 18 8 10 95
Precision 095 098 091 092 091 095 094 094 089 091 0.93
Recall 093 093 093 096 097 095 097 088 092 093 0.94

To evaluate the performance of the proposed segmentation
network for distinguishing sperm and non-sperm impurities,
ten raw semen samples with high impurities were used for
analysis, in which non-sperm impurities accounted for at least
33% and up to 64% of the total identifiable objects. The
number of sperm and non-sperm impurities of each tested
sample were manually counted by experienced lab technicians.

In these challenging scenarios, the proposed segmentation
network achieved a mean precision of 93% and a mean
recall rate of 94% among the 10 samples (Table I). As for
error cases, totally 109 false recognitions (false positive) and
95 missing recognitions (false negative) were found in the
evaluation, accounting for 3.1% and 3.5% of total identifiable
objects in all samples, with the worst case 5.7% and 5.3%,
respectively. In addition, no trend of increase in precision and
recall rate was found as non-sperm rate or sperm count in-
creases. The results demonstrated that our proposed algorithm
remained robust even in the case of high impurities.

The capability of our boundary-sensitive segmentation net-
work was also qualitatively evaluated and compared to the
original U-Net. For comparison purposes, the boundary sen-
sitive network and the original U-Net were both trained on
the same dataset containing 50 images (12,229 sperm head
contours labeled by experienced technicians). As shown in
Fig. 5, our boundary-sensitive segmentation network trained
with boundary weighted map was able to obtain separated
contours of sperm with close distances. While for the original
U-Net, these sperm in close proximity were segmented as

-

(a) __-Z't “:'...

Fig. 5. An example segmentation result of the boundary sensitive
segmentation network. (a) Original image of a semen sample obtained
by the smartphone imaging modality; (b) Segmentation result of the
original U-Net, sperm in close proximity were segmented as a whole
contour; (c) Segmentation result of our proposed boundary sensitive
segmentation network, sperm in close proximity were segmented as
individual and separated contours.

a cluster with a large contour. Note that the goal in semen
analysis is to separate, as much as possible, all sperm that
are at a close distance without occlusion. The improvement
in boundary sensitivity of the proposed segmentation network
contributes to a lower computational complexity and a more
accurate occlusion evaluation for the subsequent Occlusion-
Aware JPDAF tracker.

B. Tracking Occluded (Overcrossing) Sperm

Most existing multi-sperm trackers can robustly track sperm
in non-occluded scenarios (i.e., individual sperm swimming
freely). Hence, we focused on evaluating the tracking perfor-
mance of the proposed Occlusion-Aware JPDAF tracker (OA-
JFDAF) for occluded sperm (i.e., multiple sperm crossing over
and overlapping each other). The performance of OA-JPDAF
was compared to that of the original JPDAF (a state-of-the-art
multi-sperm tracking benchmark) and Nearest Neighbor (NN,
the most commonly used tracking method for commercial
CASA systems). Our boundary sensitive segmentation network
was used to provide accurate sperm head contours and head
centroid coordinates for all the three trackers.

To quantitatively evaluate the success rate of the three
tracking algorithms, a total 329 cases of overcrossing of sperm
from 8 video clips were included, with results summarized in
Table II. A success case is defined as the sperm continuing
to be tracked by the tracker with the same ID as before and
after occlusion. The proposed OA-JPDAF showed the highest
success rate and was capable of tracking 95.14% of sperm
through occlusions. The original JPDAF was ranked next, with
a success rate of 82.98%. While the NN algorithm performed
the worst among the three, with a tracking success rate of
75.08%. It is worth noting that the achieved tracking success
rate of 95.14% is for occlusion cases only. In more common
samples that include both occlusion and non-occlusion cases,
the overall success rate would be even higher. To further
analyze tracking failure cases of each algorithm, the failure
cases were classified into six categories according to the type
of errors and occlusions, as detailed in the next section.

C. Analysis of Tracking Failure Cases

Depending on how the target sperm ID is affected, failure
cases were divided into the six cases, as shown in Fig. 6.

(1) Extra sperm ID generation: an extra sperm ID is gen-
erated after the sperm has been occluded, and the existing
sperm ID exists simultaneously with the new sperm ID.
Obviously, this type of error results in a higher than actual
sperm concentration. If this type of error occurs between
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TABLE I
PERFORMANCE OF TRACKING OCCLUDED TARGET

Success

Overcrossing  Error Case Count Success
Method Case Count Rate

b c¢c d e f Count
O“"I‘;'S‘X;“’m 3006 3 4 1 0 2 313 9514%
Original JPDAF 329 24 8 7 1 12 2 275 8359%
Nearest Neighbor 329 16 7 36 14 5 4 247  75.08%

motile and immotile sperm (tracking error a), it results in a
statistically higher motility rate. If it occurs between motile
sperm (tracking error b), the motility values may either in-
crease or decrease depending on the original speed of the
two sperm. The main reason for the occurrence of type a
error is the biased association caused by sperm occlusion.
One of the targets in occlusion may associate with clutter
or measurements originated from other sperm, altering the
kinematic model. This causes the measurement that should
have been matched to exceed the gating area of the target
when the occlusion ends, and the measurement is established
as a new target. Similarly, type a error happens when motile
sperm collides with non-motile sperm, causing the non-motile
sperm to move and altered the velocity vector of the motile
sperm. Although it is the most frequent error in OA-JPDAF, its
frequency was only 37.5% of the NN algorithm and 25% of
the original JPDAF algorithm. This significant improvement
was enabled by the improved data association mechanism for
occlusion targets supported by occlusion awareness. When
occlusion is predicted for a target and confirmed based on
the size change of the contour, OA-JPDAF stops updating the
state of the immotile target with new measurements until the
end of occlusion (Restriction 4 of the relaxed constraint) to
ensure that the states of the motile and immotile targets do
not converge due to moving together followed by collisions.
Moreover, OA-JPDAF essentially alleviates biased association
during occlusion by using the relaxed constraint with extra
restrictions (5), ensuring significantly reduced tracking error
when handling occluded targets.

(2) Sperm ID switch: the occluding sperm IDs are switched
or exchanged after occlusion. The total number of sperm
remains unchanged, and this would not cause a statistical
error in sperm concentration. However, when this error occurs
between motile and immotile sperm (tracking error c), the
motility values are incorrectly increased. When the error
occurs between motile sperm (tracking error d), although the
change in motility value cannot be determined qualitatively, it
changes the true trajectory of the sperm.

Type ¢ and d errors are mainly prevalent in NN due to
the fact that the data association of the NN algorithm is
based on the nearest distance principle only. Therefore, sperm
ID exchange often occurs when the targets are occluded.
The JPDAF algorithm introduces the Mahalanobis distance
and kinematic state updated by Kalman Filter to facilitate
correct target-measurements matching. As a result, it can
significantly reduce target ID exchange between motile and
immotile sperm, thus leading to fewer type ¢ and d errors
than NN (Table II). However, when the motile sperm push the
immotile sperm to move, their kinematic states may be still

Type of Occlusion

Occlusion between Occlusion between
motile and immotile sperm motile sperm

Extra a.
Sperm ID
i

i Generation
i

Type of Error

| Concentration} NImiIity;ﬂ Concentration} Motility}

SpermID €. ] f. - @
Loss g E‘ .E’ (& .

[oT8): .‘..

Fig. 6. Schematics of six common tracking errors when tracker handling
occluded targets as in Table Il. The effect of different tracking errors on
concentration and motility measurement are givenby 1 , | , 1 ,and
—, which represents increase, decrease, indeterminable, and no effect.

prone to converge, and then sperm ID exchange still occurs
in the original JPDAF. OA-JPDAF inherits the advantages of
the original JPDAF while it stops updating the state vectors of
stationary targets in occlusion state based on occlusion aware-
ness (Restriction 4 of the relaxed constraint), and alleviates
biased data association by implementing an occlusion-aware
based relaxed constraint (5), ensuring that the ID switching
is further reduced. Accordingly, OA-JPDAF further reduced
the occurrence of type ¢ error by over 40% compared to the
original JPDAF.

(3) Sperm ID loss: after occlusion, one of the sperm IDs is
deleted and the two sperm share a single ID. Evidently, this
type of error leads to a decrease of the sperm concentration.
For this type of error occurring between motile and immotile
sperm (tracking error e), depending on whether the disappear-
ing ID originally belonged to a motile or immobile sperm, the
motility value can be either incorrectly decreased or increased.
For such errors occurring between motile sperm (tracking error
f), the concentration will be incorrectly reduced because the
percentage of motile sperm is decreased.

Type e and f errors are mainly due to the inability of
the trackers data association mechanism to correctly assign
a single measurement caused by occlusion to two or more
sperm. For the NN algorithm, this single measurement would
be assigned to any target that was closer to the measurement
in the previous frame.

If the occlusion duration is long, a target has not associate
with any measurements for a period of time will be deleted,
leading to type e and f errors. For the original JPDAF
algorithm, ideally, when only a single measurement falls into
the gating regions of two occluded targets at the same time,
both targets can use the same measurement for state update
based on probability weighted data association. However,
when targets are dense or clutters exist in the surrounding
area, the gating region of the occluded target may include
clutter or measurement of other targets, causing the incorrect
updates of target position. If no other measurement falls
into its gating region after incorrect state updates for certain
period of time, it would be deleted, resulting in errors of
type e and f. OA-JPDAF employs an occlusion-aware based
relaxed constraint (5), which senses the occlusion status of
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both targets and measurements, and only retains feasible joint
events that are most likely corresponding to the true target-
measurement matching relationship. The application of this
novel data association mechanism of OA-JPDAF resulted in
a 50% reduction in the number of type f errors relative to
the original JPDAF and NN. Combining with the mechanism
of stopping state updates of stationary occluded targets with
measurements, this resulted in no occurrence of type e errors
in all of the counted overcrossing cases.

D. Effects of Tracking Failure on Sperm Concentration
and Motility Evaluation

To further quantify the effect of these tracking errors on
sperm concentration and motility measurement, another eight
videos were captured from eight participants and the results
of smartphone measurement were benchmarked to manually
counting and measurement results. To provide accurate manual
benchmarking, experienced laboratory technicians counted the
number of sperm in each video with best care and then
converted to concentration and motility according to (11) and
(12). Similarly, the trajectory of each sperm presented in the
last frame was retrospectively reviewed by the technician to
calculate sperm velocity and motility results.

For concentration (Fig. 7a), the OA-JPDAF showed the
least mean error of 2.03 million/ml, followed by NN (2.90
million/ml) and original JPDAF (3.70 million/ml). All the
three tracking algorithms gave a higher concentration than
manual measurement. This is in agreement with the analysis
of tracking failure cases in Section V.C because error type
a and b increase the concentration, while type e and f
decrease the concentration. All three algorithms have more
type a and b errors than type e and f errors. Despite this, no
significant differences were observed among the three groups.
This could be because the same segmentation network was
used to identify sperm and to provide head contours for all
the three trackers.

As for motility (Fig. 7b), the OA-JPDAF showed a sig-
nificantly lower mean motility error than original JPDAF
(1.58% vs. 7.73%, p<0.001) and NN (1.58% vs. 21.40%,
p<0.001). These data also align with the tracking error case
analysis in Section V.C. Both Original JPDAF and NN had
significantly more type a and c errors than OA-JPDAF. Given
that type a and c errors lead to an increase in motility, the
average motility obtained by Original JPDAF and NN was
significantly higher than that of OA-JPDAF. These statistical
results illustrate that OA-JPDAF outperformed the other two
algorithms in motility measurement accuracy. Furthermore,
concentration and motility results of the algorithms were
highly correlated with their tracking failure cases, suggesting
that tracking errors in occluded targets had a significant impact
on the measurement of concentration and motility.

E. Comparison of Smartphone-Based Semen Analysis
by Inexperienced End-Users with Laboratory CASA on
50 Clinical Samples

In order to fully test the performance under point-of-care
scenarios, all samples for smartphone-based semen analysis
were prepared by users without relevant experience, and the

IS s B =
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Error of Concentration
(million sperm/ml)
Error of Motility (%)

T T T
OAJPDAF OA-JPDAF JPDAF NN

Fig. 7. Sperm concentration and motility errors of our proposed
smartphone-based semen analysis system benchmarked to manual
measurement, where * denotes significant difference (p<0.001) is found
between two groups.
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Fig. 8. Evaluation of clinical samples (n=50). First row: Passing-Bablok
regression for the concentration (a) and motility results (b) between
the proposed smartphone-based CASA and laboratory CASA; Second
row: Bland-Altman analysis comparing the sperm concentration (c) and
motility (d) obtained by smartphone-based CASA and laboratory CASA
obtained results were compared to laboratory CASA. From
each sample, one aliquot was tested using our smartphone-
based system by an inexperienced user, while another aliquot
was tested using laboratory CASA (BEION S5, BEION,
China) by an experienced laboratory technician, for side by
side comparison. Fifty patients were enrolled in this study.

Passing-Bablok regression (n = 50) was conducted to evalu-
ate the agreement of sperm concentration (Fig. 8a) and motil-
ity (Fig. 8b) calculation between the proposed smartphone-
based semen analysis system and laboratory CASA. For the
regression of concentration, a slope of 0.96 (95% Confidence
Interval CI: 0.90 to 1.02) and an intercept of 6.76 (95% CI:
2.64 to 9.64) were achieved. Model linearity was validated
by Cusum test with P = 0.99. A Spearman rank correlation
coefficient of 0.94 (95% CI. 0.9 to 0.97) with P <0.0001
was obtained. For the regression of motility, a slope of 1.07
(95% CI: 0.95 to 1.20) and an intercept of -8.45 (95% CI:
-15.95 to -1.44) were achieved. Model linearity was validated
by Cusum test with P = 0.89. A Spearman rank correlation
coefficient of 0.89 (95% CI: 0.81 to 0.94) with P <0.0001 was
obtained. The above results confirmed that our point-of-care
semen analysis system for sperm concentration and motility
calculation based on smartphone raw semen images agreed
well with conventional laboratory CASA.

The Bland-Altman analysis (n = 50), which compared the
sperm concentration obtained by smartphone-based CASA and
laboratory CASA (Fig. 8c), showed a mean bias of 4.25 mil-
lion sperm/ml with an SD of 8.95 million sperm/ml. The limits
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of agreement ranged from 13.34 to 21.85 million sperm/ml.
The Bland-Altman analysis on sperm motility between two
methods (Fig. 8d) showed a mean bias of -5.62% with an
SD of 10.13%. The limits of agreement ranged from 25.45
to 14.20. As shown in Fig. 8c&d, as sperm concentration
or motility increased, no fixed difference or trend of error
was found, suggesting the proposed method can accommodate
samples with a wide range of sperm concentrations to provide
accurate sperm concentration and motility measurement.
VI. CONCLUSION

This paper presented a novel semen analysis method with
smartphone imaging to address the challenges of robust point-
of-care sperm concentration and motility measurement. A
smartphone imaging modality was developed to enable clear
imaging of a fixed volume of raw semen samples. A boundary
sensitive segmentation network was proposed to segment
sperm contours and to distinguish sperm with non-sperm
cells or impurities in raw semen. To tackle the challenging
of frequent overlapping and occlusion between sperm, an
Occlusion-Aware JPDAF was developed for robust tracking
of multiple sperm. Comparative studies confirmed that the
proposed Occlusion-Aware JPDAF outperformed state-of-the-
art tracking algorithm, making significantly less tracking errors
when handling occluded targets. The effect of tracking failure
on sperm concentration and motility measurement was quan-
tified, which is applicable to both point-of-care and clinical
semen analysis for male infertility diagnosis.
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