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Abstract

In the automatic detection of Cryptosporidium and Giardia (oo)cysts in water samples, low contrast and noise in the
microscopic images can adversely affect the accuracy of the segmentation results. An improved partial differential
equation (PDE) filtering that achieves a better trade-off between noise removal and edge preservation is introduced
where the compass operator is utilized to attenuate noise while retaining edge information at the cytoplasm wall
and around the nuclei of the (oo)cysts. Then the anatomically important information is separated from the
unwanted background noise using the Otsu method to improve the detection accuracy. Once the (oo)cysts are
located, a simple technique to classify the two types of protozoans using area, roundness metric and eccentricity is
implemented. Finally, the number of nuclei in the cytoplasm of each (oo)cyst is counted to check the viability of
individual parasite. The proposed system is tested on 40 microscopic images obtained from treated water samples,
and it gives excellent detection and viability rates of 97% and 98%, respectively.
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1. Introduction
Cryptosporidium parvum and Giardia lamblia are two
common waterborne parasites infecting humans world-
wide [1]. In infected humans, the organisms normally at-
tack the small intestine after being ingested [2,3]. They
are found mostly in surface waters, where their concen-
tration is related to the level of faecal pollution or hu-
man use of the water [4-6]. Cryptosporidium and
Giardia parasites can also be found in infected sheep,
cattle and many other animal species such as cat, beaver,
deer and flies. Besides diarrhoea, other symptoms of
giardiasis and cryptosporidiosis are slight fever, fatigue
and myalgia. In rare cases, these parasites may infect the
lungs and trachea, resulting in cough, dehydration and
extreme weight loss [7-9].
The impact of epidemic Cryptosporidium and Giardia

outbreaks has motivated many researchers to find mea-
sures to prevent them from recurring worldwide. As a
result, studies related to the transmission, detection and
life cycle of the parasites have proliferated. The process

of detecting the presence of Cryptosporidium and Giar-
dia (oo)cysts in water and wastewater samples involves
filtration, isolation, staining and microscopy. In mi-
croscopy, direct visual inspection under a microscope
is performed by an expert to detect the presence of
Cryptosporidium and Giardia (oo)cysts. This manual
inspection is tedious and time-consuming. Attempts
have been made to implement automatic detection of
(oo)cysts in microscopic images to increase the effi-
ciency of the process. Widmer et al. used an artificial
neural network (ANN) algorithm to accurately identify
Cryptosporidium and Giardia (oo)cyst images. Back-
propagation technique was employed in the training
process, and adjustment of weights was made within
the neuron layers. The aim was to minimize the error
between the predicted and the correct solution [10].
Fernandez-Canque et al. implemented an algorithm that
detected Cryptosporidium oocysts using shape and colour
features in fluorescein isothiocyanate (FITC)-stained im-
ages [11].
In this paper, an automation detection system is de-

veloped to detect the presence of Cryptosporidium and
Giardia (oo)cysts in samples of treated water concen-
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trate. The system employs a modified partial differen-
tial equation (PDE) filter to denoise FITC- and 4′,6-
diamidino-2-phenylindole (DAPI)-stained images. The
modified fourth-order PDE filter uses the compass op-
erator instead of the common Laplacian operator so
that more edge information is preserved. In addition,
roundness metric, nucleus counting and viability meas-
ure are also incorporated as additional features. This
paper is organized as follows. Section 2 contains details
of the steps involved in the system, and Section 3 de-
scribes the experimental results of implementing it on

40 stained images. Finally, conclusion is presented in
Section 4.

2. Proposed system
The proposed system has three major parts which are pre-
processing, identification and post-processing. Figure 1
shows the flow chart of the proposed algorithm. In the
pre-processing part, greyscale conversion, filtering and
thresholding are implemented. In the identification
part, Cryptosporidium and Giardia (oo)cysts are identi-
fied using roundness metric and eccentricity. The post-

Figure 1 Flow chart of the proposed methodology.
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processing part consists of viability checking and nu-
cleus counting.

2.1 Pre-processing
After greyscale conversion, it is observed that the
greyscale images contain significant noise. As a result,
small nuclei appear almost similar to background noise
in the image. Therefore, the noise in the DAPI images

needs to be filtered while important edge information
must be preserved. Preserving the orientation of ana-
tomically significant edges while detecting the nuclei is a
challenging task. For this purpose, a modified fourth-
order PDE diffusion filter is used.
The formulation of the fourth-order PDE starts with

the definition of the energy function to be minimized as
follows [12]:

E Ið Þ ¼ ∫
Ω
f ∇2I

�� ��� �
∂Ω ð1Þ

where E(I) is the energy function, |∇2I| is the absolute
value of the Laplacian of I and Ω is the support domain in
the image (I). Since f(|∇2I|) is an increasing function of
|∇2I|, its global minimum is at |∇2I| = 0. The Laplacian of
an image at a pixel is zero if the image is planar in its
neighbourhood. Therefore, the minimization of the
functional is equivalent to smoothing the image to piece-
wise planar.
Through functional analysis, the corresponding Euler

equation for the energy function is

∇2 c ∇2I
�� ��� �

∇2I
� � ¼ 0 ð2Þ

and the Euler equation can be solved through gradient
descent procedure as

∂I
∂t

¼ ∇2 c ∇2I
�� ��� �

∇2I
� � ð3Þ

where the diffusion coefficient is

c ∇2I
� � ¼ f 0 ∇2Ij jð Þ

∇2Ij j
Preserving the orientation and directions of all ana-

tomically significant edges while detecting the nuclei is
very important for our case study. For this purpose, the
compass operator is used to replace the Laplacian oper-
ator in the PDE filter to better preserve the edges from
eight different angles. For each pixel, the local edge gra-
dient magnitude is estimated by convolving the eight

Figure 2 Kernels of the compass operator.

Figure 3 Image with noise (a) and noise-free image (b).
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kernels of the compass operator with the 3 × 3 neigh-
bourhood centred at the pixel. The eight kernels should
capture the edge information at 0°, 45°, 90°, 135°, 180°,
225°, 270° and 315° for the gradient passing through the
centre pixel as shown in Figure 2. The maximum abso-
lute value of the eight convolutions is taken as the one
representing the local gradient of the pixel's neighbour-
hood, and its corresponding direction should be con-
sidered when minimizing the Laplacian magnitude
anisotropically.
The coefficient of the Laplacian operator is c(|∇2

I |).
Dissipation can be measured by this coefficient. The

Laplacian operator is isotropic or uniform to the orien-
tations; therefore, the compass operator has been used
as it is free from the orientations. So the coefficient of
the new PDE will be c(|OkI|).
Therefore, the fourth-order PDE becomes

∂I
∂t

¼ ∇2 c OkIj jð ÞOkIð Þ ð4Þ

where O is the compass operator and k is the direction of
the compass that generates the maximum gradient at the
pixel in image I. The diffusion coefficient c(|OkI|) is given by

Figure 4 Original image sample (a) and converted binary image (b).

Figure 5 Calculation of the perimeter and area of an object. (a) Original object. (b) Area of the object after digitization. (c) Pixels that
constitute the object perimeter.
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c OkIð Þ ¼ 1

1 þ OkI
z

� �2 ð5Þ

Here k = 0.5. Further details on the implementation of
the PDE diffusion filtering on discrete image are avail-
able in [13]. By applying the PDE diffusion filtering,
noise can be removed from the DAPI images as shown
in Figure 3.

2.2 Thresholding
Using the Otsu thresholding, the greyscale image is con-
verted into a binary image [14]. The process is described
as follows:
Suppose a greyscale image of FITC and DAPI contains

N pixel with grey levels from 1 to L. The number of
pixels with grey level i is denoted by gi. Therefore, the
probability of grey level i in an image is given by

pi ¼
gi
N

ð6Þ

The pixels are divided into two classes: C1 and C2,
where the grey levels are [1,…, t] and [t + 1,…, L]. Now
the grey level probability distributions are

C1 ¼ p1
ω1 tð Þ ; :::::

p2
ω2 tð Þ

and

C2 ¼ ptþ1

ω2 tð Þ ;
ptþ2

ω2 tð Þ ; :::::
pL

ω2 tð Þ
where

ω1 tð Þ ¼
Xt

i¼1

pi ð7Þ

ω2 tð Þ ¼
XL

i¼tþ1

pi ð8Þ

The means are specified as

μ1 ¼
Xt

i¼1

i
pi

ω1 tð Þ ð9Þ

μ2 ¼
XL

i¼tþ1

i
pi

ω2 tð Þ ð10Þ

where the mean intensity is described as follows:

ω1μ1 þ ω2μ2 ¼ μT ð11Þ
ω1 þ ω2 ¼ 1 ð12Þ

Now the variance between classes is

σB
2 ¼ ω1 μ1−μTð Þ2 þ ω2 μ2−μTð Þ2: ð13Þ

When variance between classes is maximized, then the
threshold T is chosen. The binary image I(x,y) is obtained

Figure 6 Eccentricity of a sample elliptical-shaped object.

Figure 7 Image containing objects before and after labelling. Zero pixel values are left blank for clarity.
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after applying the following Equation 14. Figure 4a shows
an example of the original image, and Figure 4b shows the
converted binary image.

I x; yð Þ ¼ 1 whiteð Þ if I1 ≥T
0 blackð Þ if I2 < T

�
ð14Þ

2.3 Identification
Area, roundness metric and eccentricity measure are
used to identify Cryptosporidium and Giardia (oo)cysts
in the binary image. Cryptosporidium oocysts are circu-
lar and smaller in size whereas Giardia cysts are bigger
but elliptical. The calculation of area, roundness metric
and eccentricity of an object starts with obtaining the
perimeter. Consider a discrete binary image, which con-
tains one or more objects, where the object pixels are 1
and the background pixels are 0. Basically, the perimeter
of each object is the total number of pixels at the bound-
ary around the object. The counting starts at an arbi-
trary initial pixel at the boundary of the object. After
traversing and adding the total pixels around the object,
the count should end at the initial pixel. The area of
an object is the number of pixels in the object after

its parameter is fixed. Figure 5 shows an example
of how the perimeter and area of an object are
calculated.
The roundness metric is calculated for each object

from the image using Equation 15. Its value will be close
to 1 if the object is circular or has a round shape, but it
will be less than 0.9 if the object is elliptical.

M ¼ 4 � π � A

P2 ð15Þ

where A and P are the area and perimeter of the object,
respectively.
To calculate the eccentricity of an object is to measure

how similar the object is to an ellipse. Hence, an ellipse
is fitted to each object as shown in Figure 6, and eccen-
tricity is calculated according to the following equation.

eccentricity ¼ c
a

ð16Þ

where α is the distance from the centre to a focus point
on the major axis and c is the distance from the focus
point to a vertex on the minor axis. F1 and F2 are the
two focus points called foci. The foci always lie on the
major (longest) axis of an ellipse, spaced equally on each
side of the centre. The value of eccentricity is greater
than 1 for an elliptical object but is less than 1 for a cir-
cular object.

3. Post-processing
An (oo)cyst is considered viable if there are nuclei inside
its body. The positions of the (oo)cysts are highlighted

Table 1 Decision system to identify the Cryptosporidium
and Giardia

Decision Condition

Cryptosporidium Roundness≥ 0.9 ∩ area ≤ 1.0e + 003 × 1.24

Giardia Eccentricity > 1 ∩ area ≥ 1.0e + 003 × 0.24

Figure 8 Detection of Cryptosporidium oocysts. (a) FITC image. (b) DAPI image. (c) Cryptosporidium detection. (d) Roundness metric
calculation. (e) Nucleus detection and calculation.
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in the FITC, but their nuclei can only be seen clearly in
the DAPI image. Therefore, the FITC and DAPI binary
images have to be merged to see whether the nuclei lie
within the (oo)cysts. Since the area and perimeter of
each (oo)cyst are already known, if there are no nuclei
within the area of the (oo)cyst in the merged image, it is
regarded as nonviable.
From the resultant image, nucleus counting is done

for viability confirmation. Counting nuclei is similar to
counting objects in the image. The number of objects/
nuclei can be counted by the following steps [15].
Consider a binary image I containing several objects

(nuclei) where the pixels of the nuclei have a value of 1
and the background has a value of 0.

1. Set the number of nuclei to 0.
2. Scan the image until we locate a pixel (x,y)

belonging to a nucleus, i.e. f(x,y = 1).
(a) Increase the number of nuclei by 1.
(b) Find all pixels connected to pixel (x,y), i.e. find

the entire object.

(c) Remove the object from the image by setting all
its pixel values to 0.

3. Continue scanning (back to step 2) until we reach
the end of the image.

After termination, the objects will be labelled {2,…,
n + 1}, where n equals the number of objects in the
image. Each pixel of an object will now have the same
integer value as shown in Figure 7.

4. Experimental results
The proposed technique is tested on 40 images contain-
ing Cryptosporidium and Giardia (oo)cysts extracted
from samples of treated water concentrate obtained
from the Department of Parasitology, University of
Malaya. Table 1 shows the decision rule adopted to
differentiate the Cryptosporidium and Giardia (oo)cysts.
Figures 8 and 9 display the detected Cryptospori-
dium and Giardia (oo)cysts in a sample image,
respectively.

Figure 9 Detection of Giardia cysts. (a) FITC image. (b) DAPI image. (c) Giardia detection. (d) Eccentricity calculation. (e) Nucleus detection
and calculation.

Table 2 Performance evaluation in terms of detection
and checking the viability of Cryptosporidium

Accuracy Result (average, %)

Detection 98

Viability 98.3

Nucleus calculation 99.16

Table 3 Performance evaluation in terms of detection
and checking the viability of Giardia

Accuracy Result (average, %)

Detection 97

Viability 98

Nucleus calculation 98.16
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Tables 2 and 3 show the combined detection, viability
and nucleus counting rates of Cryptosporidium and
Giardia (oo)cysts for the 40 images.
Figure 8a,b displays the FITC and DAPI images which

contain both Cryptosporidium and Giardia (oo)cysts, re-
spectively. Figure 8c shows the position of the detected
Cryptosporidium oocyst, and Figure 8d shows the value
of its roundness metric. Figure 8e confirms the viability
of the oocyst and the number of nuclei residing in it.

Similarly, Figure 9a,b shows the DAPI and FITC images
containing both types of (oo)cysts. Figure 9c shows the
location of the detected Giardia cyst, and Figure 9d
shows the value of its eccentricity. Finally, Figure 9e
confirms the viability of the cyst and the number of nu-
clei within it.
Figures 10 and 11 show the performance of the pro-

posed method and human observer in counting the num-
ber of parasites in the 40 images, while Figures 12 and 13

Figure 10 Comparison with the human observer in terms of Cryptosporidium viability checking and calculation.

Figure 11 Comparison with the human observer in terms of Giardia viability checking and calculation.
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show their performance in nucleus counting. Minor
errors are mainly caused by overlapping (oo)cysts and
nuclei.

5. Conclusions
In this work, a robust technique is presented for image fil-
tering of DAPI- and FITC-stained images for Cryptosporid-
ium and Giardia (oo)cyst detection using compass operator

with fourth-order PDE. Roundness metric and eccentricity
are utilized to differentiate Cryptosporidium and Giardia
(oo)cysts in 40 images. The performance of the system is
measured in terms of detection, viability and nucleus count-
ing rates and compared against those of the human obser-
ver. Excellent rates of more than 97% are achieved for both
parasites on all measures. In the future, segmentation and
identification of overlapping and occluded nuclei and (oo)
cysts in clean and dirty images will be considered.

Figure 12 Comparison with the human observer in terms of nucleus counting for Cryptosporidium.

Figure 13 Comparison with the human observer in terms of nucleus counting for Giardia.
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