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Abstract. This paper proposes a method for vision-based automated tracking of 
schistosomula, the etiological agent of schistosomiasis, a disease which affects 
over 200 million people worldwide.  The proposed tracking system is intended 
to facilitate high-throughput and high-content drug screening against the schis-
tosomula by taking into account their complex phenotypic response to different 
candidate drug molecules. Our method addresses the unique challenges in track-
ing schistosomula, which include temporal changes in morphology, appearance, 
and motion characteristics due to the effect of drugs, as well as behavioral spe-
cificities of the parasites such as their tendency to remain stagnant in dense 
clusters followed by sudden rapid fluctuations in size and shape of individu-
als. Such issues are difficult to address using current bio-image tracking  
systems that have predominantly been developed for tracking simpler cell 
movements.  We also propose a novel method for utilizing the results of track-
ing to improve the accuracy of segmentation across all images of the video se-
quence. Experiments demonstrate the efficacy of the proposed tracking method. 

1 Introduction 

The World Health Organization (WHO) has declared schistosomiasis to be amongst 
the diseases for which new treatments are urgently needed [1].  An important technic-
al challenge in this context is to develop technologies for high-throughput drug 
screens (HTS) against the parasite. A crucial sub-goal lies in targeting the juvenile 
schistosomula, as they exhibit greater resistance to the only available current drug, 
praziquantel (PZQ).  Current efforts in drug discovery against schistosomiasis are 
based on human mediated whole organism screens, where the effect of a drug on the 
parasite is manually evaluated. Such efforts are costly, resource-intensive, and fun-
damentally incapable of exploring the chemical space effectively.  Thus, the devel-
opment of an automated computer vision-based system capable of analyzing the phe-
notypic responses of schistosomula to drug compounds represents a highly promising 
direction of research.  An automated vision system also has significant advantages 
over human assays, such as detecting subtle phenotypic responses to a drug (e.g. 
slight changes in color, texture, motion) and offering quantitative and rigorous pheno-
type descriptors.           
                                                           
∗ Corresponding author. 
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1.2 Related Work 

Many tracking methods exist for video microscopy, most notably in cell tracking, 
where active contours are widely used. However, they typically break down in videos 
which contain dense clusters of cells [6]. Additionally, contour evolution is not well 
suited for schistosomula, which can exhibit high variability in size and shape between 
frames. Methods such as [8] do focus on separating a cluster of cells but often make 
extensive use of contextual specificities, such as the elliptical shape common to many 
types of cells. For schistosomula a priori assumptions about expected shape changes 
induced by different compounds are hard to make.  Another class of methods involves 
the use of stochastic filters, which can be very effective if the motion characteristics 
of the object can be modeled [9].  The motion patterns of schistosomula, however, are 
difficult to model as they can suddenly contract or expand after remaining stagnant 
for long periods. C. elegans, a nematode and a well-established modal organism, has 
also been the subject of considerable research effort that is related to our research.  
Notably, [4] models the motion characteristics of C. elegans, utilizing a computer-
controlled tracker to keep a target worm in the center of the field of view. However, 
this approach restricts the tracked sample to a single worm and does not address the 
challenges of tracking large groups of worms in high throughput settings. The initial 
motivation of our research is provided by work in pedestrian tracking. The graph-
theoretic approach of [5] in particular offers useful insights into dealing with segmen-
tation errors and complex scenes and forms the foundation for the proposed method.  
However, the use of stochastic filters in [5] to model pedestrians was not suitable to 
the motion characteristics of juvenile schistosomula, which exhibit minimal transla-
tional movement.  The method in [5] also does not make any attempt to separate indi-
vidual members within dense groups of pedestrians.  Other pedestrian tracking me-
thods which do attempt to track individuals within dense groups of people generally 
do so by utilizing key differentiators in physical appearance, such as the color of 
clothing [10].  Such differentiators are not applicable to schistosomula. 

2 Method 

The architecture of the proposed tracker consists of five levels. These are: the seg-
mentation level, the blobs level, the parasites level, the refinement level, and the re-
segmentation level.  In the following, each of these is described in detail.   

2.1 The Segmentation Level  

In the segmentation level, the raw images of the video sequence are translated to bi-
nary images, which separate foreground pixels from background pixels.  Our work 
has employed two segmentation methods [2][11], both of which were designed to 
segment schistosomula.  However, we note that the segmentation method can be va-
ried so long as the output is a single binary image for each frame of the video se-
quence.  The latter stages of the tracker will generalize to any such segmentation me-
thod.   
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2.4.1   Dealing with Erroneously Merged Parasites 
Two observations guide the design of our method for detecting situations where more 
than one parasite is erroneously merged into a single region in the first frame.  First, 
the erroneously merged putative parasite (EMPP) will likely be larger in size than the 
average sized PP in the well.  Second, the EMPP will likely exhibit frequent splitting 
behavior throughout the video sequence (i.e. the EMPP may split into a variety of 
sub-regions in various frames of the video). In Figure 4a we present an EMPP which 
splits into sub-regions in Figure 4b, 4c, and 4d.  We developed the notion of a split 
volatility factor to formalize these observations.  A PP is considered volatile if it splits 
into more than one blob in a large number of frames, given by  

                                      = S + Kσ                                                          (2) 

where  is the minimum number of frames in which the PP must split in order to 
be deemed volatile, S is the average mode number splits for all parasites, K is a con-
stant, σ is the splits standard deviation, A is the area of the parasite, and B is the aver-
age mode of all blob areas.  After we conclude that a given PP is an EMPP, we use a 
cumulative overlay to impute the most likely locations of parasites which are con-
tained within the original EMPP.  The following steps represent one complete cycle 
of the cumulative overlay technique for a given EMPP shown in Figure 4a: 

1. All of the blobs associated with the EMPP throughout all frames of the video 
sequence are overlaid on top of one another (Figure 4e).  We restricted the size of 

acceptable blobs to a range of .75 B <  < 2 B, where  is the area of 
the blob, and B is the average mode of all blob areas.  

2. Bounding boxes of blobs which overlap by at least 50% are grouped and assigned 
a frequency count, defined as the number of grouped bounding boxes.   

3. The final remaining regions are called intensity boxes (Figure 4f).  Each intensity 
box is considered a candidate location for a parasite which may be in the original 

EMPP.  The final number of intensity boxes we select is given by R = /B, 

where / is the area of the original EMPP and B is the average mode of all 
blob areas.  The intensity boxes are ranked by frequency count, and we select the 
top R intensity boxes as the locations of new imputed parasites.  

4. The original EMPP from the first frame is removed, and the newly imputed para-
sites are inserted in its place.  (Figure 4f).  

2.4.2   Dealing with Erroneously Split Parasites 
To detect cases of erroneous splitting, the intuition is converse of that used for detect-
ing erroneous merges.  First, an ESPP is likely to be smaller in size than the average 
PP’s. Second, an ESPP will likely exhibit frequent merging behavior throughout the 
video.  Figure 5 shows an example of a parasite which was erroneously split into two 
regions on frame 1 and then merges on frames 2 and 4.  We can see from the BPG’s 
that a merge occurs when more than one parasite share an edge with the same blob.  



110 U. Saha and R. Singh

To measure the probability
tion of a merging volatility f

                                   

In Eq.(3)  is the mi
must merge, M is the averag
and σ is the merges standar

Fig. 4.  (a) Raw image of a clu
three frames of the video sequ
with the putative parasites in th

One key observation abo
tence of one ESPP necessa
with which it frequently m
BPG’s, in which the neighb
blob.   After we determine 
of the video and merge the 
 

Fig. 5. Example erroneously s
for four frames of a video sequ

h 

y that a given parasite is an ESPP, we again define the 
factor, given by:  

       = M + Kσ                                                      

inimum number of frames in which the putative para
ge mode number of merges of all parasites, K is a const

rd deviation.   

 

uster of parasites  (b), (c), and (d) are segmented binary image
uence.  (e) cumulative overlay of all bounding boxes associa
he cluster (f) Final intensity boxes. 

out ESPP’s is that they cannot occur in isolation.  The ex
arily entails the existence of at least one neighboring ES

merges.  The set of all neighboring ESPP’s is given by 
boring ESPP’s will frequently share an edge with the sa
that a given PP is an ESPP, we backtrack to the first fra
ESPP’s with the neighboring ESPP’s.   

split putative parasite (ESPP) and corresponding parasite gra
uence 

no-

 (3) 

asite 
tant, 

es of 
ated 

xis-
SPP 
the 

ame 
ame 

 

aphs 



 

After the above strategie
parasites into the first fram
repositions the newly insert

2.5 Re-segmentation    

Although the refinement of
of tracking when there is 
rectangular regions is still e
Figure 6c show that the s
bounding box and includes 
icantly undermine our attem
and other features that char
we describe a method whic
lying segmentation.   

We can detect segmenta
comes associated with mor
that a segmentation error o
multiple regions on that fra
process of extrapolating inf
is connected to exactly one 
to improve the erroneously
to correct the segmentation 

Fig. 6. (a) First frame of video
ing one EMPP associated with
responding BPG below, with
associated with blob A. (c) Clo

3 Experimental R

It is critical that the metho
range of phenotypes and m
insult.  In the following, we
ble 1).  In each video, the p
pound, as shown in the firs

Vision-Based Tracking of Complex Macroparasites 

es remove the erroneous PP’s and insert the newly impu
me, we repeat another iteration of the parasites level, wh

ted parasites appropriately in each frame of the video. 

f blob-parasite correspondences does improve the precis
segmentation error, the original segmentation inside 

erroneous.  The close-up views of the imputed parasite
shape of each parasite ends abruptly at the corner of

portions of surrounding parasites.  Such distortions sig
mpts to accurately measure changes in the parasite’s sh
racterize a parasite’s response to a drug.  In the followi
ch utilizes the results of the tracking to improve the und

ation errors by examining the BPG’s.  When a parasite 
e than one blob on a certain video frame, we can concl

occurred and led to erroneous splitting of the parasite i
ame (see for instance, Figure 2d).  Figure 7a illustrates 
formation from two correctly segmented images (i.e. the

blob in the BPG) in the PP’s previous and forward hist
y segmented image.  An analogous operation is perform

for erroneously merged parasites (Figure 7b).   

o prior to refinement level and corresponding BPG below, sh
h blob A.  (b) First frame of video after refinement level and 
 EMPP removed and three new imputed parasites inserted
ose-up views of the three new imputed parasites. 

Results 

od can effectively track schistosomula exhibiting a w
motion characteristics which may occur as a result of d
e present results of the tracking system on five videos (
parasites in the well were exposed to a different drug co
st column of Table 1.  Our definition of a correctly trac

111 

uted 
hich 

sion 
the 
s in 

f its 
gnif-
hape 
ing, 
der-

be-
lude 
into 
the 

e PP 
tory 
med 

 

how-
cor-
, all 

wide 
drug 
(Ta-
om-
ked 



112 U. Saha and R. Singh

parasite requires that it be 
sequence.  The method w
throughout the entirety (99%
63%-89% of the parasites w
total frames) of the video se

The results of the re-seg
57 parasites, out of which 5
shows the first frame of the
errors for each of the 54 tra
to detect and correctly reso
eo sequence. 

 

Fig. 7. (a) Process for correctin
correctly segmented images, th
Process for correcting erroneo
rect segmentations, then we als

 

 

 

 

 

 

 

 

 

 

 

 

 

                                        (a)

Fig. 8. (a) Number of correcte
sequence of 440 frames.  (b) F

 
 
 

0

50

100

150

200

250

300

350

400

p0 p10 p21 p

Fi
xe

d
 S

e
gm

en
ta

ti
on

 E
rr

o
rs

Parasite

h 

tracked accurately in 99% of the total frames in the vi
was able to consistently track over 90% of the paras
% of total frames) of the video sequence, even though o
were correctly segmented throughout the entirety (99%
equence. 
gmentation level are shown for a sample video contain
54 were correctly tracked throughout the video.  Figure
e video sequence.  The number of corrected segmentat
acked parasites is shown in Fig. 8a.  The method was a

olve 1198 segmentation errors in the 440 frames of the v

ng erroneously split regions. If a pixel is turned on in either of
hen we also turn on that pixel in the erroneous segmentation. 

ously merged regions.  If a pixel is turned off in either of the 
so turn off that pixel in the erroneous segmentation.  

)                                                                   (b) 

ed segmentation errors for each of 54 tracked parasites in a vi
First frame of the video sequence showing all parasites.   

p31 p42 p52

es

ideo 
sites 
only 
% of 

ning 
e 8b 
tion 
able 
vid-

 

f the 
 (b)  
cor-

ideo 



 Vision-Based Tracking of Complex Macroparasites 113 

Table 1. Segmentation and tracking results for five videos 

Compound Total 
Parasites 

Segmented 
Parasites 
(99% of frames) 

Tracked 
Parasites 
(99% of frames) 

Doxepin 57 39 (68%) 54 (95%) 
Control 45 36 (80%) 44 (98%) 
Chlorprothixene 44 39 (89%) 44 (100%) 
Amitriptyline 27 17 (63%) 25 (93%) 
Cyclobenzaprine 39 25 (64%) 36 92%) 

4 Conclusions 

We have presented a tracking system which can robustly track schistosomula exhibit-
ing a wide range of phenotypes. This works represents a solution to a unique tracking 
problem since none of the many trackers designed to track fast movement or well 
defined biological entities are applicable to the problem faced in HTS of complex 
parasites. Results from the proposed research bridge this gap and can lead to devel-
opment of promising new technologies for high throughput and high content drug 
screening.   
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