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Automatic Recurrent Nasal Tumor Detection System
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Abstract

Nasal inverted papilloma is a relatively common
neoplasm of the nasal cavity, and because of its high
recurrence rate, it is important to obtain better
detection results for surgery. Gadolinium- enhanced
MRI had been widely used in detection of recurrent
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rectal tumor. However, there till isn't an efficient and
automatic method to identify the tumors and fibrosisin
the nasal cavity.

The purpose of this research is to develop an
automatic diagnosis system for distinguishing between
tumor and fibrosis in the nasal region. The proposed
system is composed of a new model, Relative Intensity
Change (RIC), for point matching among the
consecutive MR image sequence, and a
Spatiotemporal  Neural Network (STNN)  for
distinguishing between the tumor and fibrosis. Then, a
knowledge-based refinement process is applied for
extracting the tumor/fibrosis. The RIC curves were
embedded in the STNN to represent the
spatiotemporal information of tumors and fibrosis with
consideration of the tap-weighted. The outputs of
proposed STNN were assigned for the index of
colormap: red is expressed for tumor and green is
expressed for fibrosis. Finally, the tumor/fibrosis areas
are displayed by colors and fused to the origina MR
image for facilitating visual interpretation.

Keywords Nasa inverted papilloma, Gadolinium-
enhanced MRI, segmentation

Nasal inverted papilloma is a relatively common
neoplasm of the nasal cavity, and because of its high
recurrence rate, it is important to obtain better
detection results for surgery [1]. In order to locate
the precise tumor site, physicians usualy need to
integrate the information acquired from two or more
examinations using different imaging modalities. This
involves registration of images with different
dimension, orientation, and acquisition tilt angle, a
rather tedious process [2-5]. Recently, a new image
modality called Gadolinium-enhanced MRI has been
developed and widely used in the diagnosis of
recurrent rectal tumor [6]. In Gadolinium-enhanced
MRI, images are captured following a sequence of
time stamps after the administration of contrast
material. The contrast material not only causes the
intensities of lesion images different from normal
tissues, the differences also response on temporal
images. Based on both the spatial and the temporal
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differences, lesion position and the type of diseases,
fibrosis or tumor, are identified.

In our previous works [7], where the region of
interest (ROI) is pre-selected by users, followed by an
active contour technique, so called snake, to extract a
more precise ROI. For each pixel inside the ROI
region, its temporal intensity values are converted into
atemporal curve caled relative signal intensity (RSI)
[6], which isthen fitted into a curve of three adjustable
parameters -- A (enhancement amplitude) and Tc
(tissue distribution time), and C (first-order washout
rate). Combination of the best obtained A, Tcand C
gives indication of the possibility that the pixel is a
tumor or a fibrosis pixel. The three-parameter
mathematical model [6 ,12 ] is fitted to the MR
imaging enhancement time-intensity curves. To
facilitate visual interpretation, the values of A
(amplitude) and Tc (tissue distribution time) are
mapped into colored imaging representation of the
recurrent nasal tumor. While its results are acceptable,
this approach is limited in three respects: First, finding
the ROI is done in a semi-automatic manner, which
implies that physicians must identify the suspicious
lesion a priori. Thus, lesion detection is actually not
conducted in this work. Second, the RSI curves in the
same region often vary considerably making the
identification of tumor or fibrosis less accurate. Third,
the method can only detect the recurrent nasal tumor
but not fibrosis.

To rectify these limitations, an automatic
diagnosis system based on a spatiotemporal neural
network for distinguishing between tumor and fibrosis
in nasal regions is proposed. Spatiotemporal neural
networks[8-9] were developed to process data of
spatial and temporal information, and have been
successfully used in various applications, such as
speech recognition and pattern recognition. However,
their medical application is relatively new.
Applications of different temporal characteristics
require different spatiotemporal neural network
architectures. Thus, the network architecture used in
[8-9] cannot be applied to our application. Therefore,
a specifically designed spatiotemporal neural network
is proposed for capturing the spatiotemporal
information of tumor and fibrosis after contrast
administration. The spatiotemporal information is
evaluated by a new quantitative evaluation method
called relative intensity change (RIC). The deviations
of the RIC curves are smaller than RSl curves.
Therefore, this new quantitative method can provide
more accurate evaluation for dynamic MR images.

To show that the proposed automatic NP
diagnosis system (Auto-NPDS) has good capability of
detection and distinguishing between tumor and
fibrosis, four cases including two tumor cases and two
fibrosis cases were tested. Images for these
experiments were taken from the radiology
departments of Kaohsiung Veteran General Hospital.

The MRI scanner is General Electric Signa. The image
sizeis 256 by 256 and the gray level is 256.

The proposed Auto-NPDS is compare with

K-mean-based, Principal-component-analysis-based,
and Eigenimage-filtering-based methods. In the
evaluations, the most appropriate parameters (e.qg.
threshold) for each method to gain the best detection
results in these testing images are obtained by trail-and
error. In our experiments, the suspicious tumor and
fibrosis are conspicuousness in second PCA image.
For eigenimage-filtering-based method, the desired
feature is selected from the suspicious tumor and
fibrosis, and the undesired features are selected from
other tissues.
Figure 1 show the cases of postoperative recurrent
papilloma. Figures 1(a-g) are motion-corrected results
of Tl-weighted MR images, which show isointense
mass in the left paranasa maxillary sinus and
ostiomeatal complex region. From Fig. 1(h), the
detected result of k-meansismessy. Fig. 1(i) and Fig.
1(j) show the detection results of tumor by PCA-based
and eigenimage-filtering-based methods, respectively.
From Figs. 1(hj), it can be seen that
eigenimage-filtering-based method can obtain more
accurate detected result than k-means and PCA-based
methods. Even so, the over-detection phenomenon in
the surrounding tissues of nasalcavity is serioudly. In
addition, all of these three compared methods couldn’t
distinguish between tumor and fibrosis. Especially, we
need select the desired feature and undesired features
carefully in the eigenimage-filtering based method. It
is implies that doctors need recognize the regions of
tumor/fibrosis previously. The STNN detected result
shown in Fig. 1(k) reveals a red color-coded tumor,
which was proven by operation. The image after
knowledge-based refinement is shown in Fig. 1(1). It
clearly shows that more precise tumor was detected in
the proposed auto-NPDS.

Gadolinium- enhanced MRI had been widely
used in detection of recurrent rectal tumor. However,
there still isn't an efficient and automatic method to
identify the tumors and fibrosisin the nasal cavity.

In this research, we have developed a
spatiotemporal- neural-network-based automatic NP
diagnosis system (Auto-NPDS) for distinguishing the
tumor and fibrosis in the nasal regions. A more
accurate evaluation method called relative intensity
change (RIC) for dynamic MR images is proposed.
The RIC curves were embedded in the STNN to
represent the spatiotemporal information of tumors
and fibrosis with consideration of the tap-weighted.
The outputs of proposed STNN were assigned for the
index of colormap: red is expressed for tumor and
green is expressed for fibrosis. A knowledge-based
refinement module is proposed to extract precise
tumor/fibrosis areas. Finally, the tumor/fibrosis areas
are displayed by colors and fused to the origina MR
image for facilitating visual interpretation



The experimental results enhance clinical
diagnosis and greatly increase the accuracy of
detecting recurrent nasal tumor/fibrosis. However, the
number of fibrosisis still small. Thus, our future work
is to collect more recurrent nasal fibrosis cases for
testing.
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Figure 1. A case of postoperative recurrent papilloma. (a-g) Motion correction results of T1-weighted MR
images show isointense mass in the left paranasal maxillary sinus and ostiomeatal complex region, (h) The
detection result by K-mean (i) The detection result by principle component analysis of 2" pca (j) The detection
result by eigenfilter (k) The image done by STNN reveals a red color-coded tumor, which was proven by
operation. (1) Image after knowledge-based refinement is shown.
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