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Abstract—The current day technology such as Flow Cytometry is only able to classify Dendritic Cells (DCs) once they are stained.
Subsequently this procedure affects the cell viability for vaccine preparation in DCs immunotherapy. Visually, the DCs classification
can be distinguished through their unique morphological feature called tentacles compared to other immune cells, which have more
rounded shape. Therefore, this paper proposes two pattern matching approaches based on Geometric and 1D Fourier Descriptors
(FDs) to classify DCs from Phase Contrast Microscopy (PCM) image containing a mix of T-cells and debris. The performance of the
developed algorithm is analysed and compared with the manual counting provided by the pathologist. The results show that the
implementation of 1D FDs with Template Matching (TM) classifier have the better performance and achieve the best overall
recognition accuracy of 98.3% compared to Geometric features and DCCIS system.
Keywords— Dendritic cells; cancer immunotherapy; image processing; pattern recognition; phase contrast microscopy

I. INTRODUCTION
In recent years, Dendritic Cells (DCs) immunotherapy can
be considered as a promising treatment to cure cancer [1],[2].
DCs immunotherapy employs and activates DCs in
Peripheral Blood Mononuclear Cells (PBMCs) from patient
body to fight the cancer cells as illustrated in Fig. 1. DCs are
one of the PBMCs subtypes that have become a key role of
antigen delivery. Other than that, DCs have gradually evolve
as a vital therapeutic component against cancer. Before DCs
are stimulated for vaccine preparation, they must first be
classified from a PBMCs sample containing a mix of T-cells,
DCs and debris particles.
Patient body

Monocytes in
PBMCs

Activates
DCs

Vaccine
preparation

Infuse back

Fig. 1. DCs immunotherapy process
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Till today, DCs classification is automatically quantified
by using Flow Cytometry in which the DCs are fluorescently
labelled [3],[4]. Although the utilization of this laser based
tool is practical and rapid, DCs are unable to be labelled
through any artificial means as fluorescence dyes used in the
cell markers can contribute to the cell damage [4],[5].
Moreover, the result shows that the long processes of DCs
culturing initiate a problematic for Flow Cytometry that
produces an extensive amount of data and information,
which can increase the complexity of the flow analysis [6].
Other possible approaches are investigated through image
processing methods to identify DCs based on the
morphology characteristic. DCs have a special characteristic
with its long tentacle-like structures when compared to other
immune cells as illustrated in Fig. 2 [7]. This feature
characterizes them as a unique cell in which subsequently
can be used to identify DCs automatically. This paper
discusses two different DCs features that can be extracted
which are 1) Geometric features and 2) One Dimensional
(1D) Fourier Descriptors (FDs).

features used in the DCs identification system are described
as follows. The details of the proposed framework are
described in Section 2, Dendritic Cells (DCs) feature
extraction, followed by the proposed system workflow in
Section 3. Finally, the experimental result and conclusion is
described in Section 4 and 5 respectively.

b) Macrophage
c) T-cell
a) DCs
d) Monocyte
Fig. 2. Example of immune cells component in blood system

Most of current developed cell recognition system
propose shape features such as circularity, compactness, area
ratio and curvature to identify the target cell [8]–[11]. These
features offer an effective way to detect rounded shape cell,
however difficulties arise when it is use to detect a variation
of unique cell shapes. Thus, a method on recognition of
unique features such as dendritic spines has been
implemented with morphological filtering and boundary
extraction [12]. In addition, the dendritic spines have
approximately similar unique shape with DCs. Therefore,
cell shape signature can be one of the potential features in
identifying DCs.
Generally, shape features are a set of numbers that
represent the desired shape. In addition, the features are one
of the well-known aspects in the human visual recognition
system [13],[14]. The technique can be classified into two
groups namely; contour based [15]–[17] and region-based
methods [17], which compute shape features based on the
boundary and extracts features from the whole region
respectively. Shapes with associated features such as size,
shape and orientation have drawn extensive attention in the
scientific studies [10],[18],[19]. For example, basic
Geometric features have been proposed in the classification
of blood cells [20],[21]. Several features such as area,
perimeter, diameter, circularity and others are computed and
measured to classify the blood cell types into their classes.
This method is simple and reduces the computational cost in
the classification. However, a robust classifier is needed, as
the cell shape is sensitive to different orientation. Thus, the
target cell can be identified in whatever parameters control
the cell shape.
The DCCIS system have been developed in which
Artificial Neural Network (ANN) is used as a DCs classifier
[22]. The accuracy achieved by the system is up to 90.1%.
However, the system involves redundant types of features
such as area, solidity, eccentricity, circularity, medial axes
ratio, deformation ratio, mean, standard deviation, skewness,
kurtosis and entropy, which can increase the computational
burden in the DCs classification. Instead of using complex
classifiers, the recognition process also can be conducted
using a simple approach called Template Matching (TM).
This approach aims to search the most similar pattern
between an image and a template image based on their
information [23]. A normalized 2D cross-correlation pattern
matching has been proposed in cell detection [24],[25]. The
results show that the proposed method is able to recognise
cells accurately in any of the imaging environment including
normal, noisy and light-invariant environments.
Recently, Fourier Descriptors (FDs) are frequently being
used in the cells recognition due to their invariance to
translation, rotation and scaling [26]–[28]. Generally, shape
descriptor can well match the corresponding cell if the target
cell has a unique and superior shape discrimination. Also, it
is the best methods for blood cell recognition as it achieves
both representation and normalization very well [29]. All

II. MATERIAL AND METHOD
A. Dendritic Cells (DCs) Feature Extraction
1)
Geometric Features: Visually, the size and shape of
DCs are bigger and irregular compared to other cells
respectively [7]. Hence, the idea is to separate the other cells
based on Geometric features in order to obtain the accurate
DCs identification and counting results. Geometric features
that are applied in this feature extraction process is shape
factor and can be defined as Equation (1). This simple factor
represents the cell shape in which the roundest cell has a
higher value of area to perimeter ratio. The value is closer to
1 indicates that the cell is approximately round [30].
(1)

Area and perimeter are calculated from each cell in the
PBMCs image after the cell labelling stage. Area refers to
the sum of the pixels that are enclosed inside the cell’s
boundary. Meanwhile, perimeter is the sum of boundary
pixels that that outlining the cells. The geometric features
have been calculated in pixel and are defined in Table 1. As
expected, the circularity of T-cells shows a consistent value
of 0.70 and above. Therefore, it can be proven that, T-cells
have round and oval shapes since shape factor values are
approximate to 1.
TABLE I
CELL CLASSIFICATION ACCORDING TO CALCULATED PARAMETERS

Cell

n

Perimeter
Min

Area

Max

Min

Max

Shape factor
Min

Max

DCs

40

215

770

2233

9096

0.19

0.61

T-cells

40

55

198

169

2548

0.70

0.96

2)
1D Fourier Descriptors (FDs): The shape signature
is widely used as a discriminative element in the cell
recognition. Several studies have reported that shape
descriptor based contour is one of the computation methods
which has many advantages in recognizing geometric
signatures, as it is easy to implement and promising a good
matching performance [31],[32]. Therefore, 1D FDs is
introduced as only DCs have the irregular shapes [33]. This
is verified by the illustration of cell shape signatures in Fig.
3 [33]. The conversion of shape signatures starts with
performing extraction of FDs on a contour, described by a
vector of coordinates (
. Next, Discrete Fourier Transform
(DFT) is applied over the shape signatures to obtain the FDs
coefficients as shown in Equation (2).
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Fig. 3. Shape signatures of a) DCs and b) T-cells [33]

Blood smear

Fig. 5. Proposed framework of DCs identification

(2)

The phase information is neglected and only the
magnitude values, ̃ = | ̃ | is considered to achieve the
orientation invariance of the Fourier coefficients. Since the
FDs are symmetric, therefore only the first half are kept,
̃(0)… ̃( /2). Scale invariance is achieved by normalizing
the FDs with respect to the magnitude of the DCs component,
̃ = ̃ /| ̃(0)|. By definition, the first normalized descriptor
(0)/ (0) is equal to 1 and is neglected. Thus, the Fourier
coefficients have been transformed into FDs based on
translation, scaling and orientation invariances as
demonstrated in Fig. 4 in order to maintain the system
accuracy in different parameter that control the shape
appearance [33]. In the case of an object contour, low
frequency components of FDs contain information about the
shape of the contour. In the meantime, the finer details along
the contour are included in the higher frequency components
[31].

a)DCs

b)T-cell

c)Debris

Fig. 6. Population of cells in PBMCs image

At the first stage, the image is converted into grayscale
and normalized. Due to the imaging artifacts that deteriorate
the PBMCs image, pre-processing stage is applied using HGLAT [34] and Halo Removal [35] methods to solve the
overlapping cells and remove halo region that outlining the
cells. Besides that, these two methods also diminish debris
from the sample. Subsequently, several morphological
operators such as clearing border, region fills, area opening
and area closing are applied with Canny edge detector to
acquire the cell contour in the segmentation stage [34]. The
results are demonstrated in Fig. 7 [36].

(a)

(b)

(c)

(d)

Fig. 7. a) Original image b) H-GLAT c) Halo Removal d) Segmentation
[36]
Fig. 4. a) Translation, b) scaling and c) rotation invariants

After all, two classification frameworks using 1)
Geometric features matching and 2) 1D FDs based on DCs
templates are proposed as shown in Fig. 8 and 9 respectively.
Geometric feature matching using the shape factor value of
0.70 has been applied to discriminate DCs from other cells.
Any cell in the sample that has the value <0.70 indicates
irregular shape and subsequently identified as DCs.
Meanwhile, Template Matching (TM) method is applied to
find the most approximate target cells based on the cell
signatures of the DCs templates. Hence, the training session
is conducted to select the most suitable DCs templates for
DCs detection and minimize the recognition error between
the DCs templates with target cells. In this classification
flow, the templates are compared with testing images
through sum of TM dissimilarity values in FDs. Here,
smallest TM value in input image is considered as DCs.

B. Proposed System
Fig. 5 shows the proposed framework of DCs
identification system. Two image dataset which consist of
145 images are retrieved from Cancer Research Malaysia
(CRM) which have variations of light-variant environments
and imaging artifacts. The PBMCs sample images are
captured by Nikon, DS-Fi2 camera which attached to
Olympus CK40 microscope (Phase Contrast Microscopy)
with 100x and 200x magnifications. All the PCM images
contain two populations of cells namely, DCs and T-cells
(round shape) with particles called debris (black dots) as
shown in Fig. 6.
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and 40% respectively. Meanwhile, there have been an
improvement for Im_1, Im_2 and Im_3 in terms of precision
using 1D FDs. This is due to the implementation of
invariance properties in which the descriptors are computed
based on translation, scale and orientation invariances.

Shape factor < 0.7

Yes

No

TABLE III
COMPARISON BETWEEN GEOMETRIC FEATURES AND 1D FDS IN DATASET 1

Image

Geometric features

1D FDs

Im_1
Identify as DCs

End

Im_2

Fig. 8. Classification using Geometric features

ΔDC < ΔT-CELLS

Im_3

Yes

No

Im_4
Identify as DCs

End

Fig. 9. Classification using 1D FDs and TM

TABLE IIIII
PERFORMANCE OF GEOMETRIC FEATURES IN DATASET 1

III. RESULTS AND DISCUSSION

Image
TP
TN
FP
FN
Precision (%)
Recall (%)
Accuracy (%)

Both proposed methods are implemented, trained, and
tested using MATLAB R2015a platform and runs on 2.5
GHz i3-3120M processor. The performance of both
proposed methods are evaluated based on a) precision (P), b)
recall (R) and c) accuracy (A) as shown in Equation (3)
below. P refers to the exact amount of DCs and R presents
the exact number of DCs from the input image. Meanwhile,
A measures the overall system performance in classifying
DCs.

Im_1
1
27
2
0
33.3
100
93.3

Im_2
4
194
2
0
66.7
100
99

Im_3
2
30
3
0
40
100
91.4

Im_4
2
120
0
0
100
100
100

TABLE IVV
PERFORMANCE OF 1D FDS IN DATASET 1

(3)

Image
TP
TN
FP
FN
Precision (%)
Recall (%)
Accuracy (%)

Table 2 shows some of the DCs classification results of
Im_1 to Im_4 which are extracted from Dataset 1 with
1877x1408 pixels. The identified DCs of shape features and
manual are marked with red marker and black arrow
respectively. Meanwhile, the average processing time to run
the system for each image in Geometric features and 1D FDs
are 2.229 and 3.090 seconds respectively.
The performance results in terms of precision, recall and
accuracy in Dataset 1 are tabulated in Table 3 and 4. Both
shape features achieve accuracy and recall of >90% for all
images. However, lowest precision of Geometric features
can be observed in Im_1, Im_2 and Im_3 with 33.3%, 66.7%

Im_1
1
28
1
0
50
100
96.7

Im_2
4
195
1
0
80
100
99.5

Im_3
2
32
1
0
66.7
100
97.1

Im_4
2
120
0
0
100
100
100

In contrast, the shape factor used in the Geometric
features is sensitive to noise and distortions as there is no
normalized features applied in the extracted features. Based
on the precision results from both methods, the False
Positive (FP) cases occur as there are some T-cells and
debris, which appear in clumping conditions. Subsequently,
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using ANN classifier. Overall, Geometric features, 1D FDs
and DCCIS achieve the best DCs classification accuracy of
95.9%, 98.3% and 90.1% respectively. The result of 1D
FDs is slightly better than the Geometric features and
DCCIS. Based on the results, it can be seen that all kind of
shape features have vital contributions. Implementing 1D
FDs is good enough as the DCs in the PBMCs image have
distinctive shapes compared to other cells.

these cells are visualised in the irregular shapes, which affect
the DCs classification result. Therefore, specimen
preparation procedure should be enhanced in order to
diminish clumping particles such as debris that degrade the
identification process.
The flexibility of Geometric features and 1D FDs to
detect variance of cell shapes are also tested using second
image dataset in Table 5 labelled Im_1 to Im_4 with pixel
size of 2560x1920. There are various challenges in
extracting DCs shapes from the PCM images. The first
challenge is that the images consist of uneven background
and the DCs are clumping to debris and T-cells. For the
second challenge, some of the DCs tentacles are difficult to
be observed. Generally, DCs have irregular shapes with
varying length. It can be noted that some of the DCs tend to
have an approximate shape with the clumping T-cells. ‘

TABLE VI
PERFORMANCE OF GEOMETRIC FEATURES IN DATASET 2

Image
TP
TN
FP
FN
Precision (%)
Recall (%)
Accuracy (%)

TABLE V
COMPARISON BETWEEN GEOMETRIC FEATURES AND 1D FDS IN DATASET 2

Image

Geometric features

1D FDs

Im_1
7
125
0
3
100
70
97.8

Im_2
2
122
1
2
66.7
50
97.6

Im_3
7
159
2
2
77.8
77.8
97.6

Im_4
5
130
10
5
33.3
50
90

TABLE VII
PERFORMANCE OF 1D FDS IN DATASET 2

Image
TP
TN
FP
FN
Precision (%)
Recall (%)
Accuracy (%)

Im_1

Im_2

Im_1
8
123
1
3
88.9
72.7
97

Im_2
4
123
0
0
100
100
100

Im_3
9
158
3
0
75
100
98.2

Im_4
10
135
4
1
71.4
90.9
96.7

Im_3

Im_4

The performance for both shape features in Dataset 2 is
tabulated in Table 6 and 7. Even though the accuracy
is >90% for all images, the system performance using
Geometric features is quite poor. Based on the DCs
identification results, the lowest precision of Geometric
features can be found in Im_4 with 33.3%. Other than that,
both Im_2 and Im_4 shows the lowest recall percentage with
the rate of 50%. Meanwhile, for 1D FDs, the system
performs >70% of precision and recall in identifying DCs.
Other than that, 1D FDs can provide up to 100% of precision,
recall and accuracy specifically in Im_2. Hence, it can be
proven that DCs are correctly identified with an acceptable
error rate by using 1D FDs.
Toward the end, the performance evaluation of DCs
classification also is conducted through comparison between
the Geometric features, 1D FDs and DCCIS [22] as shown
in Fig. 10. In DCCIS, the feature extraction incorporates 6
Geometric and 20 statistical features of colour moments
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Fig. 10. Comparative performance of DCs classification

Although the accuracy of the 1D FDs is convincing, the
performance measures in terms of precision still can be
improved. The shape and statistical features provide a
comparative performance. Hence, the correlation between
these two features can be analysed and evaluated more
details in the future. Other than that, the templates of DCs
used can be updated to overcome the recognition error rate
that can limit the performance.
IV. CONCLUSION
An image-recognition system of DCs provides important
benefits to assist clinical practitioners in enhancing the
immunotherapy vaccine preparation. The development of a
reliable and robust identification process for DCs is
laborious as the PCM images are deteriorated with several
imaging artifacts. The shapes of DCs are quite distinctive

with other cells in which only DCs have irregular shapes.
Therefore, shape features such as 1D Fourier Descriptors
(FDs) and Geometric Features are introduced and evaluated
to distinguish the DCs in the classification process. The
result indicates that the discrimination power of 1D FDs
with Template Matching (TM) is higher with 98.3% of
accuracy compared to Geometric features and DCCIS
system. This proposed method can be beneficial for
identifying DCs as it accurately delineated the counted DCs
for further analysis in automated live cell investigation. In
future, the extracted features using 1D FDs can be integrated
with texture features to resolve the misidentification of
debris and other clumping cells as DCs.
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