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Abstract 
 

In laparoscopic surgery, because of lack of tactile 

sensation and 3D visual feedback, it is difficult to 

identify a blood vessel position intraoperatively. We 

combined the color and geometry in two steps of 

Neural Network image processing. Application of LVQ 

(Learning vector quantization) neural networks has 

enabled the system to overcome the complexity of 

distribution of samples. The performance of this 

method is evaluated for detection of the artery and vein 

in twenty images of the laparoscopic surgery on a pig. 

Although this algorithm cannot detect blood vessel 

which are covered with fat or any other tissue it is an 

effective method for vessel detection, while suppressing 

capillary and other tissues.  

 

 

1. Introduction 
 

Unlike open surgery where a large incision is 

required, laparoscopic surgery is done by making a few 

small incisions to insert a laparoscope and other 

devices. The laparoscope CCD takes images and sends 

them to a monitor so the surgeon can see the operation 

field. For technical accuracy in this minimally invasive 

surgery, surgeons rely almost entirely on 2D visual 

feedback. Due to lack of tactile sensation and 3D visual 

feedback, it is difficult to identify a blood vessel 

position intraoperatively. In almost all laparoscopic 

procedures, surgeons face the problem of detecting and 

localizing blood vessels, either to avoid them or to 

allow their ligation. Injury to major vessels in 

laparoscopic surgery is a serious and life-threatening 

complication [1]. To address this problem, different 

advanced methods are applied in for accurate detection 

of the blood vessels. These methods include 

laparoscopic color Doppler ultrasonography, 

intraoperative angiography, intraoperative computer 

tomography, and intraoperative nuclear magnetic 

resonance. However, all these methods are 

complicated, time consuming, and need expensive and 

highly technical medical equipment and expertise. 

Optical methods are mainly attractive for identifying 

vascular system in laparoscopic surgery because light 

delivery to and from tissue can be accomplished via 

fiber optics. In this research, LVQ network is used for 

RGB classification in first step, and region properties 

classification in second step for blood vessel detection 

in laparoscopic images. 

 

2. Materials and methods 
 

The color laparoscopic images under process are 

captured from a laparoscopic surgery on a pig, and 

have three R, G, and B channels. A laparoscopic image 

consists of blood vessels and other organs and tissues 

which we define as background. Although the colors of 

vessel pixels are mainly similar because of excessive 

glare and light scattering by tissue over the vessels, we 

did not have a small standard deviation. This problem 

is more complicated in the background because we 

have different organs and different tissues with 

different color. Another problem is the different 

geometries of vessels because although all vessels are 

rather cylindrical; most of the time we can see only a 

small part of vessels in the field of surgery. Thus these 

shapes might be circular, elliptic or tube-like. For 

overcoming these problems, we combined the color 

and geometry in two steps of processing. In the first 

step, three color channels, RGB of each pixel, are 

supposed as inputs of the LVQ network. The outputs 

are two classes, blood vessels and non-blood vessels 

pixels. For elimination of single pixels that are not 

vessel pixels and pass this filter, these pixels were 

deleted in the output image. For the next step, we have 

calculated area, convex area, eccentricity, extent, filled 

area, major and minor axes lengths, perimeter, and 

solidity for each region [2]. These parameters are 

second LVQ network inputs. The outputs are the same 

two classes:  blood vessels and non-blood vessels 

regions. An LVQ network has a first competitive layer 

and a second linear layer. The competitive layer learns 

to classify input vectors in much the same way as the 
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competitive layers of Self-Organizing and Learn. The 

linear layer transforms the competitive layer's classes 

into target classifications [3]. 

The performance of our method is evaluated for 

detection of the artery and vein in twenty laparoscopic 

images. (Fig. 1) Since we should evaluate the method 

for different situations, and because of different 

geometries of vessels we have prepared different 

laparoscopic images. These images cover different 

shapes of vessel in laparoscopic procedures. The 

evaluation was performed for detection of artery and 

vein (but not capillaries) in respect to hand-created 

vascular maps.  

 
Figure 1. An image of the laparoscopic surgery and 
detected blood vessels. Input image, outputs of the first 
and second networks are from top down. 

 

3. Results 
 

Performance criteria for the blood vessel detection 

are false negative rate (FNR) and false positive rate 

(FPR), which are calculated for vessels. When a region 

is detected as a non-vessel region, the detection is a 

false negative if the pixel or region is vessel region on 

the hand-created map. FNR is defined as the number of 

false negative divided by the total number of vessels on 

the hand-created map. When a region is detected as a 

vascular region, the detection is a false positive if the 

region is non-vessel on the hand-created map. FPR is 

defined as the number of false positive pixels divided 

by the total number of non-vessel pixels on the hand-

created map. Twenty laparoscopic images used for 

comparative performance evaluation. The image set 

contains laparoscopic images which contain blood 

vessels that have not been covered by other tissues and 

have different shape, size, and orientation in each 

image. The numerical results on FPR and FNR for the 

twenty laparoscopic images being tested are given in 

Table 1. 

Table 1. Results of animal testing 

 FNR FPR Specificity Sensitivity 

Laparoscopic results 12% 8% 92% 88% 

 

4. Conclusions 
 

In this paper, we present a new blood vessel 

detection method based on LVQ neural network for 

laparoscopic images is presented. Although this 

algorithm cannot extract blood vessel which are 

covered with fat or any other tissue it is an effective 

method for vessel detection, while suppressing 

capillary and other tissues. One of advantages of this 

algorithm is short computational time (2-3 seconds) 

which is necessary in laparoscopy. It can be useful in 

laparoscopic surgery because when surgeon notices 

that there may be a vessel in a special region, he or she 

can be more vigilant. This algorithm requires more 

calibrations, and it needs more experiments on real 

time vessel region extraction during laparoscopic 

procedure.  

 

Acknowledgements 

The authors wish to thank Dr. Kazuyuki Kojima, 

Dr. Toshiaki Ohya, Dr. Hideki Akamatsu, and Dr. 

Naofumi Tanaka for performing laparoscopic 

procedures. 

    

References 
[1] J. Fruhwirth, G. Koch, HJ. Mischinger, G. Werkgartner, 

and NP. Tesch, “Vascular complications in minimally 

invasive surgery”, Surgical Laparoscopy Endoscopy 7(3), 

Philadelphia, 1997, pp. 251-254. 

[2] RM. Haralick, and LG. Shapiro, Computer and Robot 

Vision vol I, Appendix A, Addison-Wesley, Boston, 1992. 

[3] T. Kohonen, Self-Organization and Associative Memory, 

2nd Edition, Springer-Verlag, Berlin, 1987. 

International Journal of Bioelectromagnetism
Vol. 9 No. 1 2007

38




