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Abstract—The segmentation and classification of Lymph
Nodes (LNs) is a fundamental but challenging step in the analysis
of medical images of cervical cancer. Both tasks can leverage
morphological features such as size, shape, contour, and
heterogeneous appearance. However, these features might vary
with the progressive state of LNs. Hence, accurate detection of LNs
boundary is an essential step sing to classify LN as suspect
(malignant) and non-suspect (benign). However, manual
delineation of LNs might produce classification errors due to the
inter and intra-observer variability. Semi-automatic and
automatic LNs segmentation methods are greatly desired as they
would help improve patient diagnosis and treatment processes.
Currently, Magnetic Resonance Imaging (MRI) is widely used to
diagnose cervical cancer and LN involvement. Diffusion Weighted
(DW)-MRI exhibits metastatic LN as bright regions. This paper
presents a semi-automatic segmentation and classification method
of LNs. Specifically, we propose a novel approach which leverages
(1) the complementarity of structural and diffusion MR images
through a fusion step and (2) morphological features of the
segmented metastatic LNs for classification. The contribution of
our proposed algorithm is threefold. First, we fuse the axial T2Weighted (T2-w) anatomical image and the DW image. Second, we
detect LNs using region-growing method in order to compute the
final classification. Third, segmentation results are then used to
classify LNs based on a gray level dependency matrix technique
which extracts LN features. We evaluated our method using 10
MR images T2-w and DW with 47 metastatic LNs. We obtained an
average accuracy of 70.21% for cervical cancer nodule
classification.
Keywords—lymph nodes; cervical cancer; segmentation;
classification; multimodal image fusion; MR imaging; abnormal
node detection

I. INTRODUCTION
Cervical carcinoma is the second mostly common
gynecological malignancy in the world [1]. It is a slowly
growing disease, mostly invading the vagina, the parametrium
and the uterosacral ligaments. In later stages, the bladder, the
rectum and the pelvic and para-aortic Lymph Nodes (LNs) can
be invaded. LN involvement is well known as a wicked
prognosis factor in cervical cancer. LN is an oval-shape organ
of the immune system, which is difficult to identify in most
cases and is widely distributed throughout the body. Enlarged

LNs are defined by the widely observed RECIST criterion [2]
to have signaled the onset or progression of a malignant disease
or an infection. Classifying LNs into suspect and non-suspect
depends on the radiologist’s experience. In fact, morphological
features such as size, shape, contour, and heterogeneous
appearance help improve the detection of metastatic LNs.
Extracting these morphological features in an automated way
while avoiding errors due to the inter and intra-observer
variability would much facilitate staging and patient diagnosis
for clinicians. Often carried out by hand, the segmentation of
LNs can be tedious, highly complex and time-consuming.
Hence, semi-automatic and automatic LNs segmentation
methods are highly desired as they can decrease variability in
classification results by multiple experts and speed up the
diagnosis process. Magnetic Resonance Imaging (MRI) of the
pelvis is actually considered as the gold standard for staging and
treatment planning of cervical cancer. While, MRI has high
contrast and spatial resolution for pelvic organs and tissues,
Diffusion Weighted (DW)-MRI displays metastatic LN as
bright regions [3]. Leveraging the complementary aspects of
both T2-Weighted (T2-w) and DW imaging modalities, we
propose a new method to fuse the axial T2-w anatomical
sequence and the diffusion sequence. Next, we segment LNs
using region-growing algorithm. With the fusion of both T2-w
and DWI imaging modalities, the unique characteristics
provided by each modality is combined.
Image fusion techniques have gained popularity in medical
image analysis, such as MRI-ultrasound fusion to improve
prostate cancer detection [4, 5]. Several previous works have
targeted the detection of LNs, including atlas-based
segmentation for head-and-neck cancer [6], the 3D mass-spring
models for the segmentation of neck LNs in Computed
Tomography (CT) datasets [7], and the statistical image feature
learning [8]. In [9], the authors decomposed 3D into 2D
convolutional neural networks by randomly sampling them for
the detection of LNs. Nogues et al. [10] used a new approach to
joint holistically-nested neural networks to the structured
optimization for automatic LN segmentation. In [11], the
authors utilized an automatic method that would detect chest
LNs in 3D CT image data. Zhang et al. [12] used a new deep
learning method for automatically segmenting LNs in

ultrasound images. In [13], a novel method that combined the
graph cut with locally adaptive energy was used for
segmentation of human LNs in ultrasound images. Although
promising, all these methods did not exploit DW image where
metastatic LN (i.e., suspect) have a higher intensity than that of
a benign LN (i.e., non-suspect). This paper addresses this
limitation by proposing a T2-w and DW image fusion step for
LN segmentation and classification. Moreover, to the best of
our knowledge, this presents the first work that aims to detect
and stratify LN in cervical cancer. Section 2 introduces the LN
problem and our proposed method. All the details of the MRI
and DWI fusion, LN segmentation and classification steps are
described in sections 3, 4 and 5, respectively. Finally, section 6
describes the results of our approach, and section 7 concludes
the paper.
II. LYMPH-NODE
A. Pelvic Lymph Nodes
Pelvic LNs are part of the lymph system, which carries fluid,
nutrients, and waste material between the body tissues and the
bloodstream. LNs are connected by a system of channels that
runs throughout the body. Cancer may spread through the LNs
to distant parts of the body. LNs need to be considered during
the oncological examination related to all types of cancer, for
instance cervical one, where metastasis settles in the LNs. The
LNs will gradually reduce in size and come to the normal size
when the cancer treatment is efficient.
B. Computer Aided Approach
For LN segmentation and classification, we first propose a
semi-automatic computer-aided approach to extract
morphological features and classify them. The first step is
fusion of T2-w and DW-MR images. The second one is LN
segmentation. Specifically, we use segmentation to divide the
image into two different regions of interest: LN and non-LN
regions. This step results in a 2D binary mask for the LNs.
Third, we utilize both the Gray Level Dependency Matrix
(GLCM) technique and the generated mask to extract
morphological features from the detected LNs. Next, a decision
tree-based classification model uses the features obtained from
the GLCM result to differentiate between a suspect and nonsuspect LN, as illustrated in Fig. 1. Our proposed block diagram
contains three phases: (1) fusion, (2) segmentation, and (3)
classification. These steps will be detailed in what follows.
III. FUSION
Image fusion has gained popularity in medical diagnosis
and treatment [14]. It is utilized when multiple images of a
patient are registered or merged to provide additional
information. Fused images may be estimated from multiple
images from the same imaging modality [15] or from multiple
modalities [14]. The fusion image is used to obtain more
discriminative morphological feature (the intensity of the fused
image in order to use both the T2 axial and DW image intensity
criterion) for the verification stage. In our case, two different
imaging modalities including axial T2-w and DW images are
used.

Fig.1. Flowchart of the proposed LN segmentation and classification. In
the fusion step, we fuse both axial T2-w and DW modalities for each
patient. Then, we generate the LN segmentation mask using T2-w images
and region-growing algorithm. We use the same mask to segment LNs in
fused images. Next, we extract several morphological features from the
segmented LN to classify them as suspect or non-suspect.

A. Axial T2-2 Image
For LN classification, we use the axial view of T2-w image
(Fig. 2).
B. DW Image
The DW imaging contrast is based on the differences in the
water-proton mobility between tissues. In addition to that, it
reflects tissue cellularity and wholeness membrane cellularity.
Tumor tissues are more cellular compared with the native tissues
from which they originate, and they show a high signal on the
DW-MR imaging. The latter improves the detection of LNs.
Fused images created by the addition of the DW-MR imaging to
a conventional T2 image can improve the detection of small LNs
throughout the body. Early reports utilizing DW imaging for the
identification of malignant nodes in patients having cervical
cancers have been encouraging. DW imaging is very useful for
LN detection. Both DW and T2-w MRI are commonly used for
the detection and evaluation of an LN metastasis, where the
intensity in the LN metastasis is higher than in the benign LN.
Hence, we aim to fuse both T2-w and diffusion to improve the
diagnostic accuracy of the MRI (Fig. 3). To obtain fused images,

Fig.2. T2-w image contains 3 sequences: (a) sagittal, (b) axial and (c)
coronal images. For LN segmentation and classification, we use axial T2w image.

Fig.3. DW-MR Image: DW-MRI with segmentation of malignant LNs
(outlined in red). In a DW image, malign LNs appear with a high intensity
compared to benign LNs, hence the advantage of using this sequence in LN
segmentation.

we first register the DW image space to the axialT2-w image
space.

Fig.4. Histogram of comparison between two types of registration
(rigid and non-rigid) on all LNs. We obtained a better result by
using the non-rigid registration.

C. Image Registration
Image registration is commonly used for medical image
analysis to aligh high-dimensional data to a common space.
There exist two transformation models of registration methods.
The first model includes affine and rigid transformation. The
second includes a non-rigid transformation. In this work, we use
non-rigid transformation method. The choice of this method is
based on a comparative study with the rigid transformation,
based on the Dice coefficient, the mutual information criteria
and the distance between the centers of the segmented masses
to judge the quality of the registred image. For the distance
measure, the Euclidean distance between the centers of the
segmented LNs from the reference image and the registered one
is computed. The Dice coefficient is defined as in (1):
𝐷𝑖𝑐𝑒 = 2(𝐴 ∩ 𝐵)/(𝐴 + 𝐵)

(1)

where A indicates the ground truth segmentation map and B the
estimated label map. We also use mutual information for
assessing registered image quality, defined as follows (2):
𝑀𝐼(𝐴, 𝐵) = 𝐻(𝐴) + 𝐻(𝐵) − 𝐻(𝐴, 𝐵)

(2)

where H(A) and H(B) denote the marginal entropies, and
H(A,B) is the joint entropy of A and B.
We use two types of pelvic MRI images: T2-w and DW. We
fix T2-w image as a reference and move DW image to T2-w
image space. These two images have different intensity
distributions, so we use a multimodal registration. The
histogram in Fig. 4 shows that we obtain a better result by using
non-rigid registration. Examples in Fig. 5 show how we can use
image registration to automatically align two MR modalities to
a common coordinate system through utilizing image
registration technique [16]. In this case, a non-rigid
transformation of DW image is obtained. This will be used for
fusing DW image with T2-w image to infer the most
comprehensive information than provided by either.
D. Image Fusion
For image fusion, we use the wavelet-based fusion
technique, as it is suitable for fusion when a multi-view image

Fig.5. Two types of pelvic MRI images are used: T2-w axial and DW
Image. The fixed image is the axial T2-w image, and the moving image is
the DW image.

fusion required to be done. Wavelet-based fusion technique
uses the discrete wavelet transform that can provide the best
spectral and spatial localization of image information [17]. It
can also extract coarse-to-fine details from images to fuse. The
resulting fused image can have reliable characteristics in terms
of features from both images, which improves the quality of
imaging [14]. Fig. 6 shows an example of our fusion image
process. Subsequently, we locate LNs and their boundaries
firstly in the T2-w images using region-growing algorithm.
Then, we use the same segmentation for fused images in order
to extract LN features and classify them afterwards. It is
supposed that, after registration, the LNs in T2 axial images and
LNs in DW registered images have the same LN segmentation.
IV. LYMPH-NODE SEGMENTATION
LN segmentation plays a crucial role in important medicalimaging-based diagnosis tasks, such as the quantitative
evaluation of disease progression or the effectiveness of a given
treatment or therapy. LN are often textured in complex ways;
however, they are presented as contiguous regions. Thus, we
propose to use a region-growing technique for segmentation.
Region growing is a process of segmentation of images based on
regions. It is a pixel-based image segmentation way.

the nodal size alone cannot be used to distinguish benign from
metastatic LNs [22]. In agreement with the late RECIST criteria
[2], pathologic nodes, having the identity known as target
lesions, have to cope with the criterion of a short diameter axis
of not less than 10 mm on MRI. If this axis is more than 1 cm,
the LNs will be considered suspect. In cervical cancer, LNs
larger than 8 mm are considered suspect, with a significant
diagnostic sensitivity and specificity compared with
conventional imaging. Fig. 7 shows LN metastasis with a 41.2mm long axis diameter, and 20.9-mm short axis diameter,
respectively.
Fig.6. Multimodal MR fusion image: The fused image is obtained by
combining information from the DW registered image and the T2-w MRI
image in order to produce an image that integrates complementary
information from both modalities.

Specifically, this approach iteratively analyzes the neighboring
initial-seed-point pixels and determines whether the pixel
neighbors ought to be added to the region. It has been used for
several
segmentation
tasks
including
retinal-vessel
segmentation [18], vessel-segmentation algorithm based on
spectrum information [19], and color image segmentation and
for segmentation of synthetic aperture radar [20,21].
In order to start the region-growing algorithm, we select at
first an initial seed point in the axial slice of the LN part.
Following the extraction of one region, the procedure of region
growing is iterated. We compute a coronary mask from an LN
based region-growing algorithm. Whereas, thresholding and
region-growing approaches utilize intensity based criteria.
Finally, we compare the size and the number of segmented LN
regions in an axial direction with manual segmentation. Once
the LN region is segmented, we then classify it as metastatic or
benign according to the LN malignancy criteria.
V. LYMPH-NODE CLASSIFICATION
A. Criteria for Normal and Abnormal Nodes in Cervical
Cancer on MR Imaging
The LN involvement is a prognostic value of cervical cancer
and consequently influences the choice of therapy. Table I
states the morphological MRI criteria that can be useful for
nodal assessment and classification in cervical cancer.
TABLE I.

2) Shape: The LN has a blob shape. Benign nodes are more
probable to be ovoid and they become more round due to
malignant infiltration. Furthermore, if the ratio of the long-axis
diameter to the short-axis one is less than 2 as in (3), then the
LN is more likely to be malignant [23].
𝐿𝑜𝑛𝑔 𝑎𝑥𝑖𝑠
𝑆ℎ𝑜𝑟𝑡 𝑎𝑥𝑖𝑠

<2

(3)

Even though the round shape aids in identifing metastatic LN,
it cannot not be utilized as an exclusive criterion of nodal
assessment on account of round parotid and normal
submandibular nodes [23].
3) Contour: The nodal MR-imaging contour may have a
larger discriminatory value. Added to that, some malignant
nodes demonstrate irregular borders as a result of the
extracapsular disease extension. Metastatic LNs are
characterized by ill-defined borders, while benign LNs show
well-defined borders [22]. The sharp border in the metastatic
nodes is caused by the existing intranodal tumor infiltration that
increases the acoustic impedance difference between
surrounding and intranodal tissues. Therefore, the nodal border
alone cannot be a criterion worthy of being depended on to
distinguish normal nodes from abnormal ones in a routine
clinical practice. Nevertheless, the appearance of an ill-defined
boundary is helpful in predicting patient diagnosis. Energy
measure from GLCM is used to calculate border values. It is
measured according to (4):

∑(𝑖,𝑗) 𝑝(𝑖, 𝑗)²

(4)

MORPHOLOGICAL MRI CRITERIA FOR SUSPECT AND NONSUSPECT NODES IN CERVICAL CANCER

Nodal Criteria
Nodal size
Nodal shape
Nodal contour
Nodal appearance

Normal
≤ 8mm
Elliptical
Regular
Homogenous

Abnormal
> 8mm
Round
Irregular
Heterogeneous

This section recapitulates the features used in our approach.
We define five features in this study. Four morphological
features are extracted from the axial T2 MR image (node size,
node shape, node contour and node heterogeneity) and the
relative signal intensity is extracted from the fused image.
1) Size: The nodal size is the most important criterion
utilized to differentiate benign from metastatic nodes. However,

Fig.7. LN size example: (a) LN segmentation outlined in yellow, (b) 41.2mm
long axis diameter, (c) 20.9mm short axis diameter.

The energy yields the sum of squared elements in the GLCM
and returns a value between 0 and 1. If the value is greater than
0.7, the contour is considered regular.
4) Appearance: We define the LN heterogeneity index (H)
as in (5):
𝐻 = − ∑𝑖 𝑃(𝑖) log[𝑃(𝑖)]

(5)

where (H) is the theoretic entropy of the selected region and P(i)
is the histogram of intensity values of the selected inner region.
It relatively has low values every time that the histogram is
precipitously peaked, which indicates that the signal is
homogeneous. On the other hand, it will have relatively high
values in case the histogram is widely spread, which shows that
the signal is heterogeneous.

70.21%, in comparison to 63.82% obtained when solely using
morphological features (size, shape, contour and heterogeneous
appearance). The integration of the fusion features into the
algorithm improved the diagnostic accuracy. In our experiment,
we found the same result using the intensity of the fused image
compared to when using the intensity of registered DW image.
Our proposed method significantly (p<0.05) outperformed
morphological feature-based classification method (without
fusion features) and produced the best classification accuracy.
We note that we did not post-process the tumor boundary
outputted by region-growing segmented method. Furthermore,

5) Intensity: Tumor tissues have higher signals on the DWMR image compared with natural tissues. In addition, they have
an intermediate signal on the T2-w. Thus, we fuse T2 axial and
DW images and we calculate the mean signal intensity (GLCM)
for each LN.
VI. RESULTS
A. LN Segmentation Results
1) Dataset description. We carryied out the experiments on
10 T2-w and DW pelvic cervical cancer MRI images with 54
metastatic LNs segmented by an expert radiologist. We note
that DW image is smaller than T2 axial image. We also note
that the DW image corresponding to the T2 axial image were
provided by an expert.
2) Parameter setting and evaluation. The accuracy of the
segmentation is calculated using the average Dice coefficient (±
standard deviation) according to equation (1) where A
represents the ground truth and B the results using the region
growing approach.
In this work, we used region-growing for LN segmentation
(Fig. 8). Fig. 9 displays our semi-automatic LN segmentation
results along with ground-truth segmentation for 3
representative subjects. We calculated the Dice coefficient
using the 10 manually labeled images to evaluate the
correspondence between region-growing segmentation and a
human-rater segmentation. The detailed experimental results
are reported in Table II. We used the results of LN segmentation
to further classify each segmented LN as suspect or nonsuspect. Undoubtedly, the segmentation results affect the
classification results.
TABLE II.

Fig.8. Semi-automatic LN segmentation: One point in axial slice of the LN
part was determined. Then, we apply region-growing algorithm for
segmentation of the LNs.

SEGMENTATION RESULTS

Mean Dice
Standard deviation

70.68%
14.59%

B. LN Classification Results
Table III summarizes the experiment of our method. We
obtained a better result by adding the criterion of the intensity
of the merged image. The combination of morphological and
fusion features boosted the segmentation accuracy up to

Fig.9. LN segmentation results for three representative subjects using
our proposed method (right column) and manual segmentation by expert
radiologist (left column).

the registration and segmentation results immediately affect the
performance of LN classification.
TABLE III.

CLASSIFICATION RESULTS

Features Used for Classification
Morphological features
(Morphological + Diffusion) features
(Morphological + Fusion) features

Number of
Detected LNs
29/47
33/47
33/47

[11]
Percentage
63.82%
70.21%
70.21%

[12]

VII. CONCLUSION
Lymph nodes play a significant role in clinical
assessment of cervical cancer as they get enlarged with cancer
progression. In order to assess the evolution of the disease and
treatment planning, automatic LN classification as benign or
malignant is highly desired. In this study, we proposed a
computer-aided pelvic region analysis framework using
multimodal MR images to detect and classify LN as suspect or
non-suspect. Our framework produced promising results, with
a segmentation accuracy of 70.68% and classification accuracy
of 70.21%. In our future work, we will first extend our method
into a fully-automatic and joint LN segmentation and
classification method using advanced methods such as end-toend deep learning. Second, we will improve the DWI to T2-w
MRI registration accuracy by applying pre-processing
techniques on the diffusion images. Last, we will evaluate our
method using a larger multimodal clinical dataset of cervical
cancer.
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