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Abstract

This paper investigates the possibility of computerised diagnosis of malaria
and describes a method to detect malaria parasites (Plasmodium spp) in images acquired from Giemsa-stained peripheral blood samples using conventional light microscopes. Prior to processing, the images are transformed to
match a reference image colour characteristics. The parasite detector utilises
a Bayesian pixel classifier to mark stained pixels. The class conditional probability density functions of the stained and the non-stained classes are estimated using the non-parametric histogram method. The stained pixels are
further processed to extract features (histogram, Hu moments, relative shape
measurements, colour auto-correlogram) for a parasite/non-parasite classifier. A distance weighted K-nearest neighbour classifier is trained with the
extracted features and a detailed performance comparison is presented. Our
method achieves 74% sensitivity, 98% specificity, 88% positive prediction,
and 95% negative prediction values for the parasite detection.

1 Introduction
Malaria is a serious disease caused by a blood parasite named Plasmodium spp. The
World Health Organization estimates 300-500 million malaria cases and more than 1 million deaths per year [10]. The definitive diagnosis of malaria infection is done by searching for parasites in blood slides (films) through a microscope. However, this is a routine
and time consuming task. Besides a recent study on the field shows the agreement rates
among the clinical experts for the diagnosis are surprisingly low [9]. Hence, it is very
important to produce a common standard tool which is able to perform diagnosis with
same ground criteria uniformly everywhere.
In peripheral blood sample visual detection and recognition of Plasmodium spp is possible and efficient via a chemical process called (Giemsa) staining. The staining process
slightly colourises the red blood cells (RBCs) but highlights Plasmodium spp parasites,
white blood cells (WBC), and platelets or artefacts. The detection of Plasmodium spp
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Figure 1: Examples of stained objects: (a)-(f) Plasmodium, (g)-(i) WBCs (g) includes a
platelet (j) artefact.
requires detection of the stained objects. However, to prevent false diagnosis the stained
objects have to be analysed further to determine if they are parasites or not.
Automatic parasite detection has been addressed in [12], [13], [14] with thresholdings
based on colour histograms. In [12], the image was pre-processed to remove the illumination bias which was estimated as the difference between the histogram peak positions
of the colour channels (i.e. peak of blue - peak red/green). The markers for the parasites
were extracted using a threshold at the halfway point of the cumulative histogram. However, in a diagnosis scenario, for every sample, such an approach would fail by marking
all white blood cells (WBC), platelets and artefacts as parasites.
In this study we have proposed a solution for the parasite detection problem with
two consecutive classifications: stained/non-stained pixel classification and parasite/nonparasite classification. Provided enough samples are present to estimate class conditional
density functions, the Bayesian decision rule can be used as a powerful pixel classification
method [3], [7], [8]. We have employed the Bayesian decision rule to determine if a pixel
has stained or non-stained colour. The pixels that are classified as stained are further
processed to form labelled connected components which are parasite candidates. Then
these candidates are classified in a distance weighted K-nearest neighbour classifier to
determine if they are parasites. For this classification, we have selected four different
candidate features: colour histogram, Hu moments, shape measurements, and colour auto
correlogram which are all rotation and scale invariant. We have evaluated and compared
the performance of the individual selected features as well as their concatenated forms.
The organisation of the rest of the paper is as follows. Details of our method are
discussed in Sections 2-4. The experimental results are provided in Section 5, and the
conclusions are given in Section 6.

2 Colour Normalisation
It is essential to apply a colour normalisation to the images in order to decrease the effect
of different light sources or sensor characteristics (e.g. intensity, white balance). Among
many computational colour constancy algorithms [1] based on the different models of illumination change, we have chosen to use an adapted grey world normalisation method
[17] based on the diagonal model of illumination change which utilises certain characteristics of microscopic peripheral blood images. Grey world normalisation assumes that
there is a constant grey value of the image which does not change among different conditions. In the diagonal model an image of unknown illumination Iu can be simply transformed to known illuminant space I˜k by multiplying pixel values with a diagonal matrix
˜ (x) = MIu (x)). Based on the grey world assumption, if there is an image with
(Ikrgb
rgb

3

(a)

(b)

(c)

(d)

Figure 2: Colour normalisation: (a) An input image before normalisation (b) after normalisation with its background channel average values, (c) (b) normalised with reference
foreground channel averages, (d) a reference image.
known illuminant Ik , the entries of the M can be calculated as follows:


k
k
k
m11
µ Ir
µ Ig
µ Ib


m22
M=
m11 = Iu m22 = Iu m33 = Iu
µr
µg
µb
m

(1)
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where µ Ir,g,b are the means for channels r, g, b.
For ordinary images, a normalisation with a transformation using the average values yields poor results [1]. However, the images subject to this study contain two basic
components (plasma and the rest) which can be separated by a foreground-background
segmentation. Hence, the grey value assumption can be successfully incorporated into
normalisation process [17]. In this method the input image is first separated into foreground and background regions. According to the method described in [12] which uses
area morphology to estimate size of the cells and then extracts foreground objects and
estimate histograms. After segmentation of the input, Iur,g,b channels foreground (If ur,g,b )
and background (Ib ur,g,b ) images are obtained and normalisation process can be described
as follows:
1. Calculate (Ib ur,g,b ) channel averages. Calculate Mb : mb11,22,33 =

1
.
I u
µ b r,g,b

2. Transform whole image: I 1 = Mb I u
f
3. Calculate Mf : m11,22,33
using equation (1) with (If 1r,g,b ) and the reference image
c
foreground channels If r,g,b ).

4. Transform only the foreground channels: If 2 = Mf If 1
5. Replace the foreground channels of I 1 with If 2 .
The above procedure is quite efficient for the normalisation of the image with respect
to global illumination and staining effects (under/over) according to a reference. The
procedure is demonstrated with an example image in Figure 2.

3 Stained/Non-Stained Pixel Classification
Detection of the stained pixels can be viewed as a two class classification problem. Suppose the two classes are ws for stained and wns for non-stained. A Bayesian classifier with
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a feature in the form of rgb = {r, g, b} colour vector can be formulated as follows [3]:
rgb∈ws

if

p(rgb|ws )
≥θ ,
p(rgb|wns )

(2)

where p(rgb|wi ) (i ∈ {s, ns}) denotes the class conditional probability density function.
θ can also be understood as a threshold for the likelihood ratio. It represents implicitly
the application dependent costs for the decision and especially the a priori probabilities
of classes P(ws ), P(wns ) when they are not easily determinable [3].
There are parametric, non-parametric and semi-parametric methods for estimating the
p(rgb|wi ) [18]. In this study, we have used a non-parametric method based on histograms
[7]. To calculate the probability density functions we have formed a training set of images
in our image database. All the stained objects in the set were manually labelled one by
one by thresholding with the help of a small program written for this task which facilitates viewing of the result of the image when adjusting two threshold values. Then the
procedure for calculation of histograms is as described in [11]:
1. Initialise (to zero) 3-d histograms for both stained Hs (r, g, b) and non-stained
Hns (r, g, b) classes. Count every occurrence of (r,g,b) to construct the histograms:
Hs (r, g, b) = Hs (r, g, b) + 1; i f rgb∈ws
Hns (r, g, b) = Hns (r, g, b) + 1; i f rgb∈wns

(3)

2. Normalise by the number of total occurrences (Ns , Nns ), respectively.
p(rgb|ws ) =

Hs (r, g, b)
Ns

p(rgb|wns ) =

Hns (r, g, b)
Nns

(4)

In the images used in this study each channel is normally quantised to 256 levels.
Building the 3-d histograms of Hs or Hns with 256 levels in each channel requires 2563
separate bins. This has two drawbacks; the first is that the required amount of samples
for training (to estimate distributions) will be huge, a problem generally referred as the
curse of dimensionality; the second but less important is the memory requirement. Hence,
we ran our experiments on quantisation levels such as 16, 32, 64, 128 and determined the
optimal level according to the receiver operating characteristic (ROC) curves [18].

4 Parasite/Non-Parasite Classification
As mentioned earlier stained structures in blood slide images contain components other
than the parasites such as WBCs, platelets or staining artefacts. In order to finalise the
detection further classification is required.
Calculating area pattern spectrum function (GΛ (X)) on the negative of the grey level
image gives a good estimate for the average value of RBC area Aµ and radius [16]. Aµ
is found by calculating the peak index of the GΛ (X): the differential plot of the reduced
volume by successive area openings with an increasing area parameter. Let γλai (X) denotes
area opening of an image X with area threshold λi , then the calculation is as in (5).
GΛ (X) = ∑ γλai (X) − ∑ γλai−1 (X)

Λ = {λ1 , λ2 , ..., λn }

(5)
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After detecting the stained pixels, we apply infinite morphological reconstruction [15]
using the stained pixel group S as markers and the negative grey level image to approximate the cell region which includes the stained group. The resulting binary region Sb
is labelled for the feature extraction. Some stained pixel groups belonging to the same
regions are merged by this process. Some of the non-parasites can be eliminated at this
stage directly by comparing to the average cell size and location (background, foreground)
by heuristics. For instance:
1. Eliminate stained group S if Area(S) > k ∗ Aµ ,

k>1

2. Eliminate stained group S if Area(S) < m ∗ Aµ and Bµ (S) < t,

0 < (t, k) < 1

where the first rule checks for WBCs, which are bigger than the RBCs, and the second
checks for the platelets which are (in most cases) smaller than RBCs and are almost
surrounded by background. Note that these heuristics may only work with large WBCs
and some artefacts and platelets which are clearly surrounded by background which is
checked by calculating the foreground background pixel ratio Bµ (S) on the border of
stained group S. However, in this study all the objects are passed to the feature extraction
step and classified in the parasite/non-parasite classifier regardless of the heuristics.

4.1

Feature Extraction

Even for humans, parasite/non-parasite classification is not an easy task without special
training. The parasite is a non-rigid object that can have a large variation in the observed
morphology (Figure 1). The colour information is valuable but may not be adequate to
distinguish the parasites from other stained objects. Raw images can not be used directly
as features due to high variations in morphology which are coupled with arbitrary rotations and scales. A feature to be used in this classification must provide rotation, scale
invariance and must be capable of capturing the morphological characteristics. We have
chosen 4 different candidate features: (colour histogram, Hu moments, colour auto correlogram (henceforth correlogram), and a relative shape measurements vector) to investigate
their individual performances and then search for a higher combined feature performance.
The histogram is a widely used descriptor which is simple to compute and gives adequate
information about the colour distribution. Hu’s moment invariants are derived from algebraic combinations of the first 3 orders of normalised central moments. They are also
rotation and scale invariant while providing spatial information [5]. The third feature,
what we call the relative shape measurements vector, is formed of simple measurements
to represent the object shape. The correlogram can be seen as an extended histogram:
carries spatial information in addition to colour distribution. It has been proposed in [6]
for image indexing and sub-region localisation and was used in [2] for object recognition.
Colour histogram H is the count of the occurrences of the colour ci in image I:
∆

H(ci )=kIci k

ci ∈ C = {c1 , c2 , . . . , cN }

(6)

It can be normalised by the total number of pixels n to reflect the probability that a randomly chosen pixel will have the colour ci . h(ci ) = H(ci )/n.
Hu moments M is a 7 element feature vector which includes algebraic combinations of
normalised central moments [5].
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Relative shape measurements R is a 6 element vector containing the measurements below: Let S denote a stained object, Sb a foreground region (cell) in which S is contained,
a(S), p(S) are the area and the perimeter of S, m(S) moment of inertia of S, Aµ average
cell area in I. Then R can be expressed as:
(
)
a(S) a(S) a(Sb ) m(S) 4 π a(S) 4 π a(Sb )
∆
, 2
R=
,
,
,
, 2
(7)
a(Sb ) Aµ
Aµ
p (S)
p (Sb )
Aµ 2
Correlogram C: Suppose, the input image I is quantised to have N distinct colours (ci ∈
Q = {c1 , c2 , . . . , cN }) and D denote a predetermined distance set (ki ∈ D = {k1 , k2 , . . . , kM }).
Then C is the count of co-occurrences of pixels p1 , p2 of colour ci which are ki distance
apart in I:
∆
C(ci , ki )= kI(p1 ) = ci , |p2 − p1 = k| I(p2 ) = ci k
(8)
It can be normalised to reflect the probability that a randomly chosen pixel will have
colour ci and co-occur with another ci colour pixel in k distance by dividing to (8k h(ci ))
which is the total number of pixels in distance k times h(ci ) the probability of observing
colour ci . The 8k is due to the distance calculation with the city block measure. For
example, a centre pixel has 8 related pixels in distance k = 1, 16 related pixels in k = 2.

4.2 Classifier
To classify the stained objects we have implemented a distance weighted K-nearest neighbour classifier (Knn-d) [3], [4].
Knn-d: Assigns a query vector to the class wc ∈ W = {w1 , . . . , wm } which has the largest
distance weighted majority (number/total distance) in the set of K closest (determined by
a distance measure) neighbours in the training set.
Distance Measure: The choice of distance measure is critical for Knn classifiers. The possible choices for a simple measure can be the L1 norm (DL1 ), a relative distance measure
based on L1 norm [6] (DRL1 ), or L2 norm (DL2 ).
s
N
N
N
|xk − x́k |
∆
∆
∆
DL1 (x, x́)= ∑ |xk − x́k |, DRL1 (x, x́)= ∑
, DL2 (x, x́)= ∑ |xk − x́k |2 (9)
k=1
k=1 1 + |xk | + |x́k |
k=1
The DL2 (Euclidean distance) is known to be less robust against outliers than the DL1 (city
block distance) [3]. We have chosen to use DRL1 which weights the contribution of each
element to DL1 according to the magnitudes.
Classification Performance: Let Ntw1 , Ntw2 show the number of test vectors in set T t which
are known to belong to the w1 and w2 classes, respectively. For a diagnosis problem like
this, the analysis of four ratios can represent our method’s performance. Let t pwi , f nwi
show the number of correct and missed classifications for class wi respectively.
SE =

t pw1
,
Ntw1

SP =

t pw2
,
Ntw2

PvP =

t p w1
,
t pw1 + f nw2

PvN =

t pw2
t pw2 + f nw1

(10)

where SE, SP, PvP, PvN denote sensitivity, specificity, prediction value positive, and
prediction value negative respectively. The former two are usually named as the true
w1
f w2
detection rates for w1 and w2 . Overall error can be summarised as Err = n f N+n
.
t
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Figure 3: (a) Red axis projections of 3d histograms for stained (light-yellow) and nonstained (dark-red) classes, (b) Same plot in (a) using unnormalised images, (c) ROC
curves for different histogram bin sizes.

5 Experiments and Results
Stained/Non-Stained Pixel Classification: We formed 3 separate sets for training (Ta ), validation (Tθ ), and testing (Tt ) containing 286041 / 37050319, 205996 / 22705363, 168483 /
25209681 stained/non-stained pixels respectively. Since histograms are conditional density estimations we needed to find the appropriate histogram bin size which provides
the maximum generalisation with finite samples. Additionally, we have to determine the
threshold value θ for the histogram bin size which will be used in the classification. These
two variables (bin size and threshold value) are usually determined by plotting receiver
operating characteristics (ROC represents the trade-off between the true and false detection rates) on a validation test [18]. Then the variables that maximise the area under the
ROC curve are chosen for the final tests. Figure 3(c) shows different ROC curves (in
Tθ ) of different sizes of histograms (quantisation levels :128, 64, 32, 16). Examining these
ROC curves, it is apparent that the most efficient histogram bin size is 32 with the largest
rate of true detection and the lowest rate of false detection. For the 32 histogram bin size,
threshold value θ = 2.6 provides the best rates and was used for testing the test set Tt .
Based on this observation we set the bin sizes to 323 for the histograms and calculated
the performance. In order to observe the distribution of the two classes and observe the
colour normalisation effect (projections on the red axis) cumulative histograms are plotted
in Figure 3 which are projections of the actual histograms that are in 3-d (r,g,b). The test
set performance for θ = 2.6 is shown in Table 1 together with the results of the threshold method described in [12]. The results show that the Bayesian classifier outperforms
the threshold method. Also, the colour normalisation improves the overall procedure of
Bayesian stained/non-stained pixel classification (Table 1). However, for the threshold
method we were not able to see the normalisation effect since it assumes the peak of the
blue channel minus the peak of the max(red/green) channel gives the illumination bias
which does not hold after normalisation.
Parasite/Non-Parasite Stained Object Classification: Due to the low number of parasites versus non-parasites in total of 260 images, we have formed 2 separate sets of stained
objects for training (Ta ), and testing (Tt ) containing 175/1312, 202/1311, parasite/nonparasite objects respectively. In Ta , the RGB images were indexed with minimum variance
quantisation to have 32 distinct colours, the same indexed colour map is applied to the images in Tt . In the correlogram calculations the distance set was D = {1, 2, . . . , 8} which
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Method
Bayesian+Norm
Bayesian
Threshold [12]

# S.Pixels
168483
168483
168483

T. D.%
88.5
84.5
74

F. D.%
5.6
17
34

Table 1: Results of the pixel classifier on the test set Tt (68 images). T.D: true detection,
F.D: false detection
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Figure 4: Percentages plotted against K: (a) Total misclassification, (b) SE sensitivity,
(c) SP specificity, (d) PvP predictive value of parasites, (e) PvN predictive value of nonparasites. Features H:histogram, M:Hu moments, R:Relative shape measurements, C:
Correlogram. (+) denotes concatenation.
results in 32x8 dimensional feature vector. The average cell area Aµ was calculated for
every image. All the features were normalised to have zero mean and unit variance.
Figure 4 shows the total misclassification percentage together with SE, SP, PvP, and
PvN measurements plotted against increasing K in Knn-d classifier. The results are a
validation of the overall process and performance comparison of the different features.
An examination of the total classification error (Figure 4(a)) indicates the most successful
feature is C + M + R followed in the order by H + M + R, C, and H. Thus, feature C is
more successful than H. However, the difference is not significant especially considering
the cost in calculation time for C. The performances of M and R are low which suggests
that colour information is essential. However, they provide slight boosts for the H and
C features. To interpret the results in more detail, if we choose the value K = 3 in the
feature (C + M + R), the SE ( 74%) performance value reveals the probability of the result
being positive given that the stained object is a parasite. The SP ( 98%) value reveals
that the probability of the result being negative given that the object is not a parasite. The
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PvP ( 88%) value reveals that the probability of the stained object being a parasite given
a positive result. The PvN value shows that the negative case (of PvP) is 95%.
In addition to the above results, the performance of the heuristic elimination rules
was separately evaluated to provide a comparison. On Tt (same as above) using the area
rules (described in Section 2.3) 261 of 1109 non-parasites could be eliminated. By taking this as the number of correct classifications of non-parasites (the rest are assigned to
parasite class) the performance measurements would be SE = 100%, SP = 23%, PvP =
19%, PvN = 100%. If the same tests were performed in the other studies which proposed
stained object detection as the parasite detection mechanism [12], [13], [14] the performance values would be SE = 100%, SP = 0%, PvP = 15%, PvN = 0%.

6 Conclusion and Discussion
We have described a method that detects malaria parasites in images acquired from peripheral Giemsa-stained blood samples using conventional light microscopes. We have
utilised a colour normalisation method to maintain illumination and colour constancy. We
have demonstrated a solution for the stain extraction problem with a two class (stained/
non-stained) Bayesian classification. The results show that the stained pixel classifier
achieves satisfactory results: 88.5%, 5.6% true and false detection rates respectively. The
detected stained pixels are further processed to extract features H (histogram), M (Hu
moments), R (relative shape measurements), C (colour auto correlogram) which are used
in the parasite/non-parasite classifier. A Knn-d classifier has been implemented and detailed evaluations demonstrate the individual and concatenated feature performances. The
colour based features: C and H were the most successful single features. The feature C
was more successful than the feature H. However, the difference was not significant
which may be caused by the high dimensionality of the feature C. The shape features: M
and R alone did not have a significant outcome. Concatenations of M + R were slightly
boosting the C and H features. The evaluations here do not suggest concatenated features necessarily yield better results. Instead, they suggest colour based features are more
successful in discriminating the parasites and non-parasites; and that adding shape based
features to them slightly improves the performance.
We have shown that the stained pixel detection or stained object extraction as proposed
in [12], [13], [14] does not lead to successful parasite detection; parasite detection can
also not be performed with heuristics based only on area measurements. Our parasite/nonparasite classifier achieves 74% sensitivity, 98% specificity, 88% positive prediction, 95%
negative prediction value rates based on a single observation. However, in a real diagnosis
scenario a blood film from a test case could provide thousands of stained objects. Thus,
the diagnostic decision can be made according to the decisions on the total number instead
of a single one. To improve the efficiency of the method as a viable malaria diagnosis tool
and to reveal the actual diagnosis performance more controlled experiments should be
performed and compared to expert manual diagnosis.
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