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Abstract - Many digital image processing techniques are used in the medical practices for image analysis.  The commonly 
found abnormalities in endoscopic images are cancer tumors, ulcers, bleeding due to internal injuries, etc. For laryngeal 
tumor detection, detecting lesions in the larynx at early stages is one of the most important factors involved in successful 
disease treatment. In order to obtain the hispathology of an abnormality, the analysis of endoscopic images is one of the most 
accessible methods. However standard imaging techniques such as white light endoscopy offer limited information about the 
laryngeal tissue. NBI(Narrowband Imaging) is an alternative to achieve this goal. NBI is an optical technology that enhances 
the practitioners capability to detect and diagnose lesion through endoscopic inspection. For detecting laryngeal tumors 
without biopsy and pathological examination, an automatic method which is based on anisotropic filtering and matched filter 

is described. Lesion classification is then performed using SVM. Here a novel processing framework is presented for the 
automatic detection and classification of lesions based on segmentation and analysis of blood vessel networks on endoscopic 
images. 
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I. INTRODUCTION 

 

Disorders in vocal folds can be classified as benign 
and malignant lesions. Benign lesions grow only 

locally and cannot spread by invasion or metastasis. 

Malignant tissues invade neighbouring tissues, enter 

blood vessels and metastasize to different sites. It is 

now widely accepted that tumour growth and 

metastases are angiogenesis-dependent [1]. In 

particular, mucosal malignancies development is 

accompanied by the formation of intraepithelial 

papillary capillary loops (IPCL) on the mucosal 

surface, whose extension, expansion, irregularities in 

caliber and arrangement change as the tumour grows. 

In contrast, in benign lesions vessels run parallel to 
each other and to the mucosal surface [2].The 

diagnosis of VF disorders is commonly performed by 

the endoscopic examination of larynx structural 

defects. Although endoscopic examination performed 

by a clinician represents the clinical gold standard, it 

has some drawbacks. It requires an expert to obtain 

the diagnosis and thus it is expensive in terms of time 

and costs. It is also characterized by low reliability 

across operators, sessions and sites and sometimes it 

is error-prone because of the variety of VF anomalies 

[4]. Hence, a computer-assisted scheme could 
considerably help in increasing the efficiency in 

managing patients, leading to potentially enormous 

benefits resulting from an improved detection of early 

tumours. There have been very few attempts to create 

systems for automated analysis of the larynx. In [5] 

multiple feature sets were exploited to characterize 

both white-light endoscopic images and voice signals 

with the addition of patients’ questionnaire. Features 

selection and classifier design were combined into the 

same learning process based on genetic search. In [6] 

the categorization of VF disease was treated as a 

pattern recognition task, based on colour, texture and 

geometrical features. A pattern classifier then 
analyzed these feature-based VF representations. 

Despite the good results achieved, the main limit of 

these approaches is related to the need of a large 

ground truth set to train the classifier. Classification 

of laryngeal disorder based on shape and vascular 

defects of VF was achieved in white-light endoscopy 

in [7]. First a region of interest (ROI) containing the 

whole VF was identified using histogram of oriented 

gradients (HOG). Then the evaluation of mass lesions 

was performed analyzing VF edges. Separately, 

vessels segmentation was performed using region-

based algorithms. Turkmen et al. reached good results 
(sensitivity of 86%, 94%, 80% 73% and 76% for 

healthy, polyp, nodule, laryngitis and sulcus vocalis) 

but kept out malignant vocal fold disorders as 

papillomata and carcinoma, thus the most frequent 

and life-threatening pathologies. Additionally, they 

did not take advantage of the VF edges investigation 

to identify possible protruding masses, performing 

vessels extraction in a wider area in respect to the 

protruding lesion, with a higher computational cost 

and a higher risk of obtaining false negative. 

Premalignant or malignant lesions can be detected by 
endoscopic visualization of vascular changes in 

tumours. To get the full benefit of the laryngoscopy 

for diagnostics and treatment, it is necessary to work 

with special endoscopic imaging tools, such as 

narrow band imaging (NBI). 

The NBI light source only emits wavelengths of blue 

(390–445 nm, peak 415 nm) and green (530–550 nm, 

peak 540 nm) light. It is a useful imaging tool for an 

improved visualization of the subepithelial vascular 

pattern. Blue light only penetrates the epithelium and 
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represents the capillary vessels in a specific brown 

colour. Green light is able to penetrate deeper to the 
subepithelial vascular plexus and represents the 

vessels in a blue colour. 

NBI is added to an HDTV or 4K endoscopy system 

and can be switched on just by pressing a button. This 

method exploits the fact that tumours are highly 

vascularized and, therefore, are well suited for a 

haemoglobin-specific imaging system[3]. The 

endoscopic examination of the vascular pattern of the 

vocal folds for premalignant, malignant, and 

inflammatory lesions can be simplified and made 

more effective using NBI. 

 
(a)                                  (b) 

Fig.1 Narrowband endoscopic view of vocal folds diagnosed as 

affected by Squamous Cell Carcinoma(SCC). In (a), on the left 

vocal fold, different pathological tissue morphologies are 

highlighted (blue circles). The green circle indicates a healthy 

tissue. In (b), on the left vocal fold, leukoplakia prevents the 

sight of vascular patterns. 

 

Based on the previous researches [1], [7], [8], in this 

project an efficient algorithm for reduction of 

specular reflections using a single image as input has 
been implemented. The first step is to determine the 

specular reflection regions based on adaptive 

thresholding in the HSV colour space. The dimension 

of detected ROI is computed and additional pixels are 

added to specularities. The last step is to fill the 

remained ROI by propagation of information from 

the surrounding non-specular areas. 

As stated in [5] the specular reflection have intense 

brightness and low saturation values, information that 

can be used in finding the region of interest. 

Consequently, the HSV color space offers advantages 

when specular reflections have to be removed. In this 
case, a region of interest can be defined applying 

thresholds on the saturation and value channels of the 

image. An adaptive threshold scheme is used here to 

obtain accurate results. 

 

II. METHODOLOGY 

 

The general block diagram of the entire process is 

shown below: 

 
Fig.2 Block diagram of the process 

A. Pre-processing 

Generally, real-time images collected from scan 
centre are used for image classification and 

segmentation. These are raw images which are 

unsuitable for analysis due to the various types of 

noises present in the images. Hence, suitable pre-

processing methodologies must be used to enhance 

the quality of the images. Endoscopic images 

acquired are usually blurred due to motion artifacts. 

Specular reflection usually appear as bright regions in 

endoscopic images. However, their location and size 

do not respect any pattern. Specular reflections can 

range from very small regions to large areas, making 

their segmentation a challenging task. Large specular 
regions can, in addition, overlap potentially malignant 

tissue. Consequently, in order to avoid eliminating 

image regions that may be lesions, the following 

rationale was used: If the area of a specular region 

was deemed too large (based on an empirical limit), it 

was considered an abnormality and was not removed. 

Lehmann [14] proposed the use of the HSV colour 

space for this task, arguing that in the medical field 

reflections have intense brightness and low saturation. 

 

(a) Specular Reflection removal 
The algorithm for specular reflections removal is 

given below: 

i. Input is taken as the original RGB image. 

ii. Convert RGB image into HSV space. 

iii. Compute Smax,Vmax using (1)and (2). 

Ths = 0.35 Smax(1) 

Thv = 0.7 Vmax (2) 

iv. Produce binary mask SV using ths and thv 

v. Compute the gradient using the equation: 
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vi. Apply the mask to image G to produce SR. 

vii. Compute SRlength to find the number of ROI 

in SR. 

 
Fig.3 (a)Original image  (b) Reconstructed image 

 

B. ROI Segmentation 

This step is used for detecting areas potentially 

affected by lesions. Endoscopic images possess high 

amount of contrast for soft tissues such as tumors. 

The basis of the algorithm is on the grey level 

intensity variation of the image. The ROI is blacker 

than the surrounding part. It is used for construction 
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which uses adaptive thresholding to pop out the 

important regions. 
So that the prominent regions containing most of the 

diagnostically important information can be 

recognized. The principle used here is based on 

human visual perception. Since the application is that 

of medical diagnosis, human perception is of utmost 

importance. 

 

(a) Steps to find ROI 

The following are the steps involved in the ROI 

extraction process: 

i. Compute the discontinuity levels using (4) 

and (5): 
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ii. Enhance the image using anisotropic 

diffusion. 

It is defined as: 

∂𝚰/𝛛𝐭 =  𝝯𝐠.𝝯𝚰 + 𝐠(ǁ𝝯𝚰ǁ,𝛔)∆𝚰 
(6) 

iii. Edges T1  and T2  are detected using Canny 
filter and closing operation. 

iv. Compute area of largest component in T1  

and T2 

v. Area1 is the area of largest component in T1 

vi. Area2 is the area of largest component in T2 

 

C. Blood vessel segmentation 

Visualization of vascular network is enhanced in 

NBI. However, automated segmentation of blood 

vessels in the larynx is a challenging problem since 

the width and length of the vessels can vary from 
very small to very large, and their shapes differ from 

case to case, no pattern being respected. 

 

The algorithm for blood vessel segmentation is given 

below: 

i. Select the green channel from the input RGB 

image. 

ii. Image is processed by Matched Filter(MF) 

using the equation: 

f x, y =
1

 2πσ
exp 

−x2

2σ2
 − m 

(7) 

 x ≤ t. σ, |y| ≤
L

2
 

iii. Image is again processed by First Order 

Derivative of Gaussian(FODG). 

f(x, y)= -
x

 2πσ3exp −
x2

2σ2
       (8) 

 

iv. Threshold T used on MF image to segment 

blood vessels. 

T =  1 + MN . TN  (9) 

MN = Normalized mean 

TN = Reference 
v. The output image contains both large and 

small blood vessels. 

The final validation is done by using Gabor filter for 

large vessels. 

It is defined by: 

gφ=exp −π 
xp

2

σx
2 +

yp
2

σy
2     cos(2πfxp)(10) 

where xp= xcosφ + ysinφ(11) 

y
p
= -xsinφ+ycosφ(12) 

Morphological Black Hat operation is used to 

validate small vessels. It is defined by: 

H՛ = (G•B) – G(13) 

Where G is the color channel to be processed 

B is the structuring element, and 
H is the closing residue. 

In this application, the final map of blood vessels is 

obtained using only the green channel of the original 

image. This is realized because this channel presents 

the best contrast between blood vessels and other 

tissues in the larynx. 

 

D. Lesion Classification 

Lesion classification is an important step responsible 

for the identification and classification of laryngeal 

tumours. Here, lesion classification is performed 

using Support Vector Machine (SVM). This is the 
first time, an automatic classification is done using 

SVM. In [13] Linear Discriminant Analysis was used 

for lesion classification in which width and tortuosity 

are used to provide significant information in 

classification of lesion. 

SVMs have proven to be most powerful method for 

pattern classification. SVM is a binary classifier 

based on supervised learning. SVM classifies 

between two classes by creating a hyperplane in high-

dimensional feature space. The data is already 

labelled, hence the name ―supervised learning‖. It 
works by depending upon the training data to find the 

hyperplane that has the largest distance to the nearest 

training data point of any class. The larger the margin 

the lower the generalization error of the classifier. 

 
Fig.4 Support Vector Machine optimal hyperplane for a 

linearly seperable dataset 
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The distance between the hyperplane and the closest 

data points is referred to as the margin. The optimal 
line that can separate the two classes is the line that 

has the largest margin. This is called the Maximal-

Margin hyperplane. The margin is calculated as the 

perpendicular distance from the line to only the 

closest points. Only these points are appropriate in 

defining the line and in the construction of the 

classifier. These points are called the support vectors. 

They support or define the hyperplane. The 

hyperplane is learned from training data using an 

optimization procedure that maximizes the margin. 

The hyperplane can be represented for x points by 

(10). 

w.x - b  0(14) 
where ―w‖ is weight vector and normal to hyperplane 

and b is bias or threshold. 

The values of w and b have to be such that the margin 

is maximized or the distance between the parallel 

hyperplanes is as far apart as possible while still 

separating the data points. These hyperplanes can be 

described by (15) and (16). 

w.x -b = +1                           (15) 

w.x - b 1(16) 
 

RESULTS AND DISCUSSION 

 

A collection of narrow-band endoscopic videos of the 
larynx was provided by the Regional Cancer Center, 

Trivandrum including videos acquired from different 

patients with a wide range of tumours. These videos 

were used to create a database of 60 images of lesions 

of vocal cords with both benign and malignant 

tumours, which were extracted randomly without 

following any criteria for selecting good frames. 

Consequently, the dataset contained images far from 

ideal for processing, some showing only small and 

distant lesions, some others not perfectly in focus, 

and others presenting relatively low contrast and 

motion artefacts. Segmentation and classification 
system was evaluated.  

 
(a) Input image     (b) RGB to gray   (c) Filtered image 

 
(d) ROI segmentation   (e) Dilated Image   (f) FODG image 

 
(g) Gabor filter phase (e) Gabor filter magnitude (f) Segmented          

frame 

Fig.5 SVM Classification output 

 

Performance measures 

The performance measures are calculated using the 

following parameters: 

 

(a) Sensitivity 

It is the ratio between correct positive classifications 

and the total number of true positives. 

Se = 
TP

TP +FN
* 100                                  (17) 

(b) Specificity 

It is the ratio between correct negative classifications 

and the total number of true negatives. 

Sp = 
TN

TN +FP
*100(18) 

(c) Accuracy 

Accuracy represents the overall results. 

Acc = 
TP +TN

Total
*100 (19) 

(d) Dice coefficient 

It is used to measure the similarity between the 

segmented scene and the ground truth. 

 

D = 
2TP

 FP +TP  +(TP +FN )
*100(20) 

 

These quality measurements are based on a pixel by 

pixel computation according to the following 

reasoning: a pixel is marked TP if it is labeled ―1‖ 

both in the ground-truth image and in the automatic 
segmentation image; a pixel is marked as FP if it is 

labeled ―1‖ only in the segmentation result; and a 

pixel is marked as FN if it is labelled ―1‖ only in the 

ground-truth image. 

 
Fig. ROC curve of (a). Feature segmentation algorithm (b) 

Vessel size classification algorithm. 

 

Sensitivity 83% 

Specificity 86% 

Accuracy 82% 

Dice Coefficient 82% 
TABLE I : Performance measure 
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Blood vessel segmentation was evaluated from the 

ROC curve. It represents the overall results obtained 
by varying the threshold parameter associated with 

Black Top Hat operation described in step [C]. The 

evaluation started considering a small threshold 

(t=10), which was incrementally increased until 

t=240. The blood vessels segmentation result for each 

t value was then compared with the ground-truth 

images, generating the data presented by the ROC 

curve. 

 

CONCLUSION 

 

In this research, we presented a pioneering approach 
to the computer-aided classification of laryngeal 

tissues in NBI. We proved through a comprehensive 

evaluation analysis that the proposed approach leads 

to high-performance classification results with 

accuracy 82%, overcoming the state of the art for 

laryngeal tissue classification. 

As future work we propose a frame-based analysis, 

with the objective of avoiding manual patch selection 

in order to deal with the classification of multiple 

tissues in the same image. In particular, super pixel 

segmentation could be exploited. Superpixels are 
image region homogeneous in texture and colour, 

which, compared to regular patches, are built to better 

adhere to boundaries in the image. Such an 

improvement would be a step towards the translation 

in the clinical practice. A further development is the 

inclusion of an automatic key frame selection 

strategy, which would complete the setup. 

 

ACKNOWLEDGMENT 

 

We would like to thank the Principal Dr. Deepa J, 

College of Engineering, Kallooppara, for her valuable 
support. Our special thanks to Dr Shanavaz K T, the 

HOD of ECE. 

 

REFERENCES 

 
[1] Salhi, L., Mourad, T., Cherif, A.,―Voice Disorders 

Identification Using Multilayer Neural Network‖, The 

International Arab Journal of Information Technology, 

Volume 7-No.2, (April 2010),177-185. 

[2] Hariharan, M., Paulraj, M.P., Jaacob, S., 2010, ―Time  

Domain Features and Probabilistic Neural Network For the 

Detection Of Vocal Fold Pathology‖, Malaysian journal Of 

Computer Science, Vol(23) (2010),60-67 

[3] A. Watanabe, M. Taniguchi, H. Tsujie, M. Hosokawa, M. 

Fujita, and S. Sasaki, ―The value of narrow band imaging for 

early detection of laryngeal cancer,‖ European Archives of 

Oto-Rhino-Laryngology, vol. 266, no. 7, pp. 1017–1023, 

2009. 

[4] Proakis, J. G., G.  Manolakis, ―Digital Signal Processing. 

Principles, Algorithm and Applications‖, Prentice Hall India, 

Third Eition.309, 122. 

[5] Orzechowski, Izworski,A., Izworski, R., Tadeusiewiez ,K., 

Chmunzynska, P., Radkowski, I., Gotkowska, 2005, ― 

Processing of pathological change in speech caused by 

Dysarthria ‖, IEEE Proceedings of 2005 International 

symposium on intelligent signal processing & communication 

system, 49-52 

[6] Oliveira Rosa, M. de, Pereira,J. C, Gellet, M.,2000 ―Adaptive 

Estimation of Residue Signal for Voice Pathology Diagnose‖, 

IEEE Transaction on Biomedical  Engineering , Vol.47, 

No.1(Jan.2000). 

[7] Cesar, M. E., Hugo, R. L., ―Acoustic Analysis of speech for 

detection of Laryngeal pathologies‖, IEEE proceeding of the 

22nd Annual EMBS international conference chicago 

IL,(2000) ,2369-2372. 

[8] Picone, J.W., 1993 ―Signal modeling techniques in speech 

recognition‖, Proceedings of the IEEE, Vol.81, No.9, 

Sept.1993 

[9] E. Bullitt, S. R. Aylward, T. Van Dyke, and W. Lin, 

―Computer-assisted measurement of vessel shape from 3t 

magnetic resonance angiography of mouse brain,‖ Methods, 

vol. 43, no. 1, pp. 29–34, 2007. 

[10] X. Ni, S. He, Z. Xu, L. Gao, N. Lu, Z. Yuan, S. Lai, Y. 

Zhang, J. Yi, X. Wang, et al.,―Endoscopic diagnosis of 

laryngeal cancer and precancerous lesions by narrow band 

imaging,‖ The Journal of Laryngology & Otology, vol. 125, 

no. 03, pp. 288–296, 2011. 

[11] C. Piazza, D. Cocco, L. De Benedetto, F. Del Bon, P. Nicolai, 

and G. Peretti, ―Narrow band imaging and high definition 

television in the assessment of laryngeal cancer: a prospective 

study on 279 patients,‖ European Archives of Oto-rhino-

laryngology, vol. 267, no. 3, pp. 409–414, 2010. 

[12] J. S. Isenberg, D. L. Crozier, and S. H. Dailey, ―Institutional 

and comprehensive review of laryngeal leukoplakia,‖ Annals 

of Otology, Rhinology & Laryngology, vol. 117, no. 1,pp. 

74–79, 2008. 

[13] H. I. Turkmen, M. E. Karsligil, and I. Kocak, ―Classification 

of laryngeal disorders based on shape and vascular defects of 

vocal folds,‖ Computers in biology and medicine, vol. 62, pp. 

76–85, 2015. 

[14] C. Barbalata and L. S. Mattos, ―Laryngeal tumor detection 

and classification in endoscopic video,‖ IEEE journal of 

biomedical and health informatics, vol. 20, no. 1, pp. 322–

332, 2016. 

[15] Thomas H. Stehle. Specular Reflection Removal in 

Endoscopic Images. 2006 

[16] Bob Zhang, Lin Zhang, Lei Zhang, and Fakhri Karray. 

Retinal vessel extraction by matched filter with first-order 

derivative of gaussian. Comput. Biol. Med., 40(4):438–445, 

April 2010. 

[17] B. V. Dhandra, R. Hegadi, M. Hangarge, and V. S. 

Malemath. Analysis of abnormality in endoscopic images 

using combined HSI color space and watershed segmentation. 

In Pattern Recognition, 2006. ICPR 2006. 18th International 

Conference on, volume 4, pages 695–698, 2006 

[18] Y.Lin, A. Watanabe, W.Chen, ,I.Lee ,and W.Wang, 

―Narrowband imaging for early detection of malignant 

tumors and radiation effect after treatment of head and neck 

cancer,‖ Archives Otolaryngol.—Head Neck Surg., vol. 136, 

pp. 234–239, 2010. 

[19] J. Horne, ―Cancer of the vocal cords, difficulties in diagnosis, 

and fallacies in statistics,‖ Proc. Roy. Soc. Med., vol. 22, no. 

12, pp. 1547–1554, 192 

[20] S. Hwang and M. Celebi, ―Polyp detection in wireless 

capsule endoscopy videos based on image segmentation and 

geometric feature,‖ in Proc. IEEE Int. Conf. Acoustics 

Speech Signal Process., Mar. 2010, pp. 678–681. 

[21] F. Rossant, M. Badellino, A. Chavillon, I. Bloch, and M. 

Paques, ―A morphological approach for vessel segmentation 

in eye fundus images, with quantitative evaluation,‖ J. Med. 

Imag. Health Informat., vol. 1, pp. 42–49, 2011. 

 

 

 


