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in multiple directions. This can alternatively be formulated 
by examining the changes of intensity due to shifts in a local 
window. Around a corner point, the image intensity will 
change greatly when the window is shifted in an arbitrary 
direction. This keypoint detection uses the second moment 
matrix as the basic of its corner decisions the matrix A, has 
also been called the autocorrelation matrix and has values 
closely related to the derivative of image intensity . 

 
Where Ix and Iy are the respective direction derivatives in 

x and y direction at point x. the corner threshold A(x) is 
calculate avoiding the eigenvalue decomposition of the 
second moment matrix above by equation 4. 

 
Where α is a constant. Corner points have large, positive 

eigenvalues and would thus have a large Harris measure. 
Thus, corner points are identified of the Harris measures 
that are above a specified threshold. 

 

 
Fig. 7, displays a harris ketpoint detection on ROI image 

that low contrast and Fig. 8. Show keypoint distribution 
after enhance image contrast by CLAHE and noise reducing 
by Gaussian and wiener lowpass filter. 

 
 

B. SIFT matching 

When keypoint are detected ,SIFT is choose to associate 
keypoint between differenct dorsal hand vein images due to 
it’s great success in object matching Fig 9. 

 
 

 
 

SIFT Keypoint matching on Fig. 10 matching is low 
point due to low keypoint detection by harris. But on Fig. 11 
SIFT matching is apply on image after enhance contract by 
CLAHE and reducing noising by filter that can matching 
many relative line. 

 

         

Figure 8. Keypoint detection by harris detection on image after filter 

         

Figure 7. Keypoint detection by harris detection on image before filter 

ܴ ൌ detሺܣሻ െ ݇ כ ሻ    ൌܣ2ሺܽݎݐ ଶߣଵߣ  െ ଵߣሺߙ ൅  ଶሻଶߣ

ሻݔሺܣ ൌ  ෍ ,ݔሺݓ ሻݕ ቈ ሻݔ௫ଶሺܫ ሻݔ௬ሺܫ௫ܫሻݔ௬ሺܫ௫ܫ ሻݔ௬ଶሺܫ ቉௫,௬   (3)

 (4)

Figure 9. SIFT ketpoint matching on images

Figure 10. SIFT keypoint matching on same person on ROI images 

Figure 11. SIFT ketpoint matching on same person after apply filter 

Corresponding FP between image1 and image2

Corresponding FP between image1 and image2

Corresponding FP between image1 and image2
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IV. EXPERIMENT 

 
 

 
In this research we choose result image after apply 

CLAHE (green line) and image after noise reducing by 
Gaussian filter and wiener lowpass filter (red line). The 
result as Fig. 12 using SIFT Keypoint matching to maching 
keypoint between reference image and other image in 
database, there are 102 person. Figure10 Green line is 
results from image apply CLAHE and green dot on graph is 
same person on database, There is highest keypoint more 
than other on database. And red line is a result after noise 
reducing and green dot is a number of keypoint matching 
same person in database. 

 

Not only keypoint matching is improve after reducing 
noise but maching time is fastest more than before reducing 
noise after improve contrast by CLAHE in Fig. 13. Show 
performance of maching time in green line is before noise 
reducing and red line is time after noise reducing. 

V. CONCLUSION 

In this research CLAHE (Contrast Limit Adaptive 
Histogram Equalization) is selected to  improve contrast of 
ROI image but result after apply histogram equalization that 
are many noise in image that there are effect for harris 
keypoint detection and bring to Keypoint maching to 
calculate key point that not important. Therefore Gaussian 
filter, wiener lowpass filter are selected to apply to image 
after Improve histogram the result after noise reducing is not 
only higher keypoint maching but processing to calculate 
keypoint matcing is reducing too. 
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Figure 12. Keypoint matching before and after filter

Figure 13. Time of Keypoint matching before and after filter
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